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We develop an equivalence between the equilibrium effects of in-
complete information and those of two behavioral distortions: my-
opia, or extra discounting of the future; and anchoring of current
behavior to past behavior, as in models with habit persistence or
adjustment costs. We show how these distortions depend on higher-
order beliefs and GE mechanisms, and how they can be disciplined
by evidence on expectations. We finally illustrate the use of our
toolbox with a quantitative application in the context of inflation,
a bridge to the HANK literature, and an extension to networks.
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I. Introduction

What are the macroeconomic effects of informational frictions? How do they
depend on general equilibrium (GE) mechanisms, market structures, and agent
heterogeneity? And how can they be quantified?

We develop a toolbox for addressing such questions and illustrate its use. On
the theoretical front, we offer an illuminating representation result and draw con-
nections to the literatures on networks and HANK models. On the quantitative
front, we show how to extract the informational friction from survey evidence on
expectations and proceed to argue that it can rationalize sizable sluggishness in
the response of inflation and aggregate spending to shocks.
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Framework

Our starting point is a representative-agent model, in which an endogenous
outcome of interest, denoted by at, obeys the following law of motion:

(1) at = φξt + δEt [at+1] ,

where ξt is the underlying stochastic impulse, or fundamental, φ > 0 and δ ∈ (0, 1]
are fixed scalars, and Et[·] is the rational expectation of the representative agent.

Condition (1) stylizes a variety of applications. In the textbook New Keynesian
model, this condition could be either the New Keynesian Philips Curve (NKPC),
with at standing for inflation and ξt for the real marginal cost, or the Euler
condition of the representative consumer (a.k.a. the Dynamic IS curve), with at
standing for aggregate spending and ξt for the real interest rate. Alternatively,
this condition can be read as an asset-pricing equation, with ξt standing for the
asset’s dividend and at for its price.

We depart from these benchmarks by letting people have a noisy “understand-
ing” of the economy, in the sense of incomplete information. The friction could be
the product of either dispersed knowledge (Lucas, 1972) or rational inattention
(Sims, 2003). And it is the source of both first- and higher-order uncertainty. Rel-
ative to the frictionless, full-information, rational-expectations benchmark, there
is therefore not only gradual learning of the exogenous innovations, but also a
friction in how people reason about others (Morris and Shin, 1998; Tirole, 2015)
and thereby about GE effects (Angeletos and Lian, 2018).

An Observational Equivalence

Our main result is a representation of the equilibrium effects of the informa-
tional friction in terms of two behavioral distortions. Under appropriate assump-
tions, the equilibrium dynamics of the aggregate outcome at in the incomplete-
information economy are shown to coincide with that of a representative-agent
economy in which condition (1) is modified as follows:

(2) at = φξt + δωfEt [at+1] + ωbat−1,

for some ωf < 1 and ωb > 0. The first distortion (ωf < 1) represents myopia to-
wards the future, the second (ωb > 0) anchors current outcomes to past outcomes.
One dulls the forward-looking behavior, the other adds a backward-looking ele-
ment akin to habit or adjustment costs.

Crucially, both distortions increase not only with the level of noise but also
with parameters that regulate the strategic interaction, or the GE feedback in
the economy. Economies in which the Keynesian cross is steeper, firms are more
strategic, or input-output linkages are stronger behave as if they are populated
by more impatient and more backward-looking agents.



VOL. VOL NO. ISSUE MYOPIA AND ANCHORING 3

Underlying insights and marginal contribution

The documented effects encapsulate the role of higher-order beliefs. To fix ideas,
consider the response of aggregate demand (= at) to a drop in the real interest
rate (= ξt). A consumer that becomes aware of this event now may nevertheless
doubt that others will be aware of the same event in the near future and may
therefore also doubt that aggregate spending will go up. As this logic applies for
the average consumer, the economy as a whole systematically underestimates the
future movements in aggregate income, and behaves like a representative agent
that excessively discounts the future. And the larger the dependence of spending
on income, or the steeper the Keynesian cross, the larger this discounting.

This explains the documented myopia. The anchoring, on the other hand, has
to do with learning. As more times passes since the occurrence of any given
shock, consumers become progressively more aware of it. But higher-order beliefs
adjust more sluggishly than first-order beliefs—equivalently, the expectations of
income adjust more sluggishly than expectations of interest rates. This reduces
the speed of adjustment in aggregate spending, or equivalently it increases the
apparent dependence of current spending on past spending. And the steeper the
Keynesian cross, the larger this effect, too.

Versions of these insights have been documented in the literature before, al-
beit not in the sharp form offered here.1 Relative to the state of the art, our
theoretical contribution contains: the bypassing of the curse of dimensionality
in higher-order beliefs; the existence, uniqueness and analytical characterization
of the equilibrium; the aforementioned observational-equivalence result; and an
extension to a class of incomplete-information networks. This in turn paves the
way to our applied contribution, which we detail below.

DSGE, micro to macro, and bounded rationality

Our observational equivalence offers the sharpest to-date illustration of how
informational frictions may substitute for the ad hoc forms of sluggish adjustment
employed in the DSGE literature: the backward-looking element in condition (2)
is akin to that introduced by habit persistence in consumption, adjustment costs
to investment, or indexation of prices to past inflation.

Crucially, the documented distortions increase not only with the level of noise
but also with parameters that regulate the strength of GE feedback loops and
the associated importance of higher-order beliefs. In the context of the NKPC,
examples of such parameters include the frequency of price adjustment, the degree
of market concentration, and the input-output matrix; and in the context of the
Dynamic IS curve, they include liquidity constraints and consumer heterogeneity.

1In particular, the role of learning as source of sluggish adjustment in behavior is the common theme
of Sims (2003) and Mankiw and Reis (2002); the higher sluggishness of higher-order beliefs relative to
first-order beliefs has been emphasized by Woodford (2003) and Morris and Shin (2006); and the role of
higher-order beliefs as a source of as-if myopia has been highlighted by Angeletos and Lian (2018).
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At the same time, our analysis also yields the following, seemingly paradoxical,
conclusion: more responsiveness at the micro level often comes together with
more sluggishness at the macro level. For instance, a smaller Calvo friction maps
to more sluggishness in aggregate inflation, and a higher marginal propensity to
consume (MPC) maps to more habit-like persistence in aggregate consumption.
In both cases, the reason is that the larger micro-level responsiveness is tied to a
larger bite of higher-order uncertainty.

At the same time, our result builds a bridge to a recent literature that empha-
sizes how lack of common knowledge (Angeletos and Lian, 2018) and related kinds
of bounded rationality (Farhi and Werning, 2019; Gabaix, 2020; Garcıa-Schmidt
and Woodford, 2019) make agents behave as if they are myopic. But whereas
this prior literature has restricted the belief error triggered by any shock to be
time-invariant, our analysis lets it decay with the age of the shock, thanks to
the accommodation of learning. This explains why our approach yields not only
ωf < 1 but also ωb > 0, which is exactly what the data want.

Connection to evidence on expectations

Our results facilitate a simple quantitative strategy. We show how estimates of
ωf and ωb can be obtained by combining knowledge about GE parameters with
an appropriate moment of the average forecasts. Such a moment is estimated in
Coibion and Gorodnichenko (2015), or CG for short: it is the the coefficient of
the regression of the average forecast errors on past forecast revisions.

The basic intuition is that a higher value for this moment indicates a larger
informational friction. But both the structural interpretation of this moment and
its mapping to the macroeconomic dynamics is modulated by the GE feedback.
When this feedback is strong enough, a modest friction by the CG metric may
camouflage a large friction in terms of the values for ωf and ωb.

At the same time, we explain why the evidence on the under-reaction of average
forecasts provided in CG is more “reliable” for our purposes than the conflicting
evidence on the over-reaction of individual forecasts provided in Bordalo et al.
(2020) and Broer and Kohlhas (2019). In an extension that adds a behavioral
element as in those papers (a form of overconfidence), we can vary the theory’s
implications about individual forecasts without varying the structural relation
between average forecasts and aggregate outcomes. The values of ωf and ωb are
thus pinned down solely by the CG moment.

Applications: NKPC, HANK, and Asset Pricing

Our first application (Section VI) concerns inflation. Using our toolbox, we
show that the friction implicit in surveys of expectations is large enough to ratio-
nalize existing estimates of the Hybrid NKPC. This complements Nimark (2008),
which articulated the basic idea but did not discipline the theory with expecta-
tions data. To the best of our knowledge, ours is indeed the first estimate of what
the available evidence of expectations means for inflation dynamics.
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Echoing a core theme of our paper, we show that most of the documented
effect regards the expectations of the behavior of others (inflation) rather than
the expectations of the fundamental (real marginal cost). We finally put forward
three ideas, all of which stem from the endogeneity of the Hybrid NKPC under the
prism of our analysis. The first two draw a possible causal link from the increase
in market concentration and the conduct of monetary policy to the reduction in
inflation persistence. The third highlights that the economy’s production network
may influence not only the slope of the Philips curve (as in Rubbo, 2020; La’O
and Tahbaz-Salehi, 2020) but also its backward-looking element.

Our second application (Section VII) turns to aggregate demand. As already
mentioned, our theory provides a micro-foundation of habit-like persistence in
aggregate spending. For a plausible calibration, this persistence is quantitatively
comparable to that assumed in the DSGE literature, but requires no actual habit
at the micro level. This helps reconcile the gap between the levels of habit required
to match the macroeconomic time series and the much smaller levels estimated
in microeconomic data (Havranek, Rusnak and Sokolova, 2017).

Relatedly, because the as-if myopia and habit increase with the MPC, our
results help reconcile the high responsiveness of consumer spending to income
shocks at the micro level with the sluggishness of aggregate spending to interest-
rate shocks at the macro level.2 This hints at a link between our contribution and
the emerging HANK literature. We take a step in this direction by studying a
heterogeneous-agent extension of our setting and showing the following property
in it: a positive cross-sectional correlation between MPC and income cyclicality,
like that documented empirically in Patterson (2019), amplifies the expectations-
driven sluggishness in the response of aggregate spending to monetary policy.

Other applications include investment (Online Appendix Section ??) and asset
pricing (Online Appendix Section ??). In the latter context, our results illustrate
how higher-order uncertainty may be the source of both momentum and excessive
discounting. They also suggest that both distortions may be greater at the level
of the entire stock market than at the level of the stock of a particular firm, which
in turn may help rationalize Samuelson’s dictum (Jung and Shiller, 2005).3

Networks

Our HANK application is an example of how our toolbox can be extended
to a class of networks. In this context, we offer a tractable characterization of
the equilibrium dynamics as functions of the network and information structures.
This builds a bridge to a growing literature that emphasizes the network structure
of the economy but often ignores informational frictions.4

2A similar point has been made recently by Auclert, Rognlie and Straub (2020).
3Choi, Rondina and Walker (2020) also attempt to rationalize the discrepancies between aggregate

and individual asset prices based on incomplete information and segmented markets, but their work
focuses on pricing efficiency and volatility instead of momentum and discounting.

4A few notable exemptions are Bergemann, Heumann and Morris (2017) and Golub and Morris (2019)
on the abstract front, and Nimark, Chahrour and Pitschner (2019), Auclert, Rognlie and Straub (2020)
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II. Framework

In this section we set up our framework and illustrate its applicability.

A. Basic ingredients

Time is discrete, indexed by t ∈ {0, 1, ...}, and there is a continuum of agents,
indexed by i ∈ [0, 1]. At any t, each agent chooses an action ai,t ∈ R. Let at be
the average action. Best responses admit the following recursive formulation:

(3) ai,t = Ei,t [φξt + βai,t+1 + γat+1] ,

where ξt is an underlying fundamental, Ei,t[·] is the agent’s expectation in period
t, and (φ, β, γ) are parameters, with φ > 0, γ ∈ [0, δ), and β ≡ δ − γ, for some
δ ∈ (0, 1). As it will become clear, δ parameterizes the agent’s overall concern
about the future and γ the GE, or strategic, considerations.

Iterating on condition (3) yields the following representation of i’s best response:

(4) ai,t =
∞∑
k=0

βkEi,t [φξt+k] + γ
∞∑
k=0

βkEi,t [at+k+1] .

While the recursive form (3) is more convenient for certain derivations, the exten-
sive form given above is more precise because it embeds appropriate “boundary”
conditions for t → ∞.5 It also makes salient how a agent’s optimal behavior at
any given point of time depends on her expectations of the entire future paths of
the fundamental and of the average action.

Aggregating condition (4) yields the following equilibrium restriction:

(5) at = φ

∞∑
k=0

βkEt [ξt+k] + γ

∞∑
k=0

βkEt [at+k+1] ,

where Et[.] denotes the average expectation in the population. This condition
highlights the fixed-point relation between the equilibrium value of at and the
expectations of it. As it will become clear, this condition also allows us to nest a
variety of applications.6

and La’O and Tahbaz-Salehi (2020) on the applied front. None of these papers, however, share either
our analytical results or our emphasis on forward-looking behavior.

5Namely, we have imposed that, for any date τ and history, limt→∞ βtEi,τ [ai,t] = 0,
limt→∞ βtEi,τ [ξt] = 0, and limt→∞ βtEi,τ [at] = 0. The first property can be understood as the transver-
sality condition. The second represents a restriction on the fundamental process, trivially satisfied when
ξt is bounded. The third represents an equilibrium refinement.

6The same best-response structure is assumed in Angeletos and Lian (2018). But whereas that paper
considers a non-stationary setting where ξt is fixed at zero for all t ̸= T , for some given T ≥ 1, we consider
a stationary setting in which ξt varies in all t and, in addition, there is gradual learning over time. Our
framework also reminds the static beauty contests studied in Morris and Shin (2002), Woodford (2003),
Angeletos and Pavan (2007), and Huo and Pedroni (2020). There, agents try to predict the concurrent
behavior of others. Here, they try to predict the future behavior of others.
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B. Complete information and beyond

Suppose that information is complete, meaning that all agents share the same
information and this fact itself is common knowledge. The economy then admits
a representative agent. That is, ai,t = at and Ei,t = Et, where Et stands for the
representative agent’s expectation, and condition (3) reduces to

(6) at = Et[φξt + δat+1].

This may correspond to the textbook versions of the Dynamic IS and New Keyne-
sian Philips curves, or an elementary asset-pricing equation. By the same token,
the equilibrium outcome is given by

(7) at = φ

∞∑
h=0

δhEt[ξt+h].

This can be read as “inflation equals the present discounted value of real marginal
costs” or “the asset’s price equals the present discounted value of its dividends.”

Clearly, only the composite parameter δ = β+γ enters the determination of the
equilibrium outcome: its decomposition between β and γ is irrelevant. As made
clear in Section III.A below, this underscores that the decomposition between
PE and GE considerations is immaterial in this benchmark. Furthermore, the
outcome is pinned down by the expectations of the fundamental alone.

These properties hold because this benchmark imposes that agents can reason
about the behavior of others with the same ease and precision as they can rea-
son about their own behavior. Conversely, introducing incomplete (differential)
information and higher-order uncertainty, as we shall do momentarily, amounts
to accommodating a friction in how agents reason about the behavior of others,
or about GE.

C. Two Examples: Dynamic IS and NKPC

Before digging any further into the theory, we illustrate how our setting can
nest the two building blocks of the New Keynesian model, the Dynamic IS
curve and the New Keynesian Philips curve (NKPC). The familiar, log-linearized,
representative-agent versions of these equations are given by, respectively,

ct = Et[−ςrt + ct+1] and πt = Et[κmct + χπt+1],

where ct is aggregate consumption, rt is the real interest rate, πt is inflation,
mct is the real marginal cost, ς > 0 is the elasticity of intertemporal substitution,
κ ≡ (1−χθ)(1−θ)

θ is the slope of the Philips curve, θ ∈ (0, 1) is the Calvo parameter,
χ ∈ (0, 1) is the representative agent’s discount factor, and Et is her expectation.
Clearly, both of these conditions are nested in condition (6).
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Relaxing the common-knowledge foundations of the New Keynesian model
along the lines of Angeletos and Lian (2018) yields the following incomplete-
information extensions of these equations:

ct = −ς
∞∑
k=0

χkEt[rt+k] + (1− χ)

∞∑
k=1

χk−1Et[ct+k],(8)

πt = κ

∞∑
k=0

(χθ)kEt [mct+k] + χ(1− θ)

∞∑
k=0

(χθ)kEt [πt+k+1] ,(9)

where Et denotes the average expectation of the consumers in condition (8) and
that of the firms in condition (9). The first equation is nested in condition (5)
by letting at = ct, ξt = rt, φ = −ς, β = χ, γ = 1 − χ, and δ = 1; the second by
letting at = πt, ξt = mct, φ = κ, β = χθ, γ = χ(1− θ) and δ = χ.

To understand condition (8), recall that the Permanent Income Hypothesis
gives consumption as a function of the present discounted value of income. Incor-
porating variation in the real interest rate and heterogeneity in beliefs, and using
the fact that aggregate income equals aggregate spending in equilibrium, yields
condition (8). Finally, note that 1− χ measures the marginal propensity to con-
sume (MPC) out of income. The property that γ = 1− χ therefore means that,
in this context, γ captures the slope of the Keynesian cross, or the GE feedback
between spending and income.

To understand condition (9), recall that a firm’s optimal reset price is given
by the present discounted value of its nominal marginal cost. Aggregating across
firms and mapping the average reset price to inflation yields condition (9). When
all firms share the same, rational expectations, this condition reduces to the
familiar, textbook version of the NKPC. Away from that benchmark, condition (9)
reveals the precise manner in which expectations of future inflation (the behavior
of firms) feed into current inflation. Note in particular that γ = χ(1− θ), which
means that the effective degree of strategic complementarity increases with the
frequency of price adjustment. This is because the feedback from the expectations
of future inflation to current inflation increases when a higher fraction of firms
are able to adjust their prices today on the basis of such expectations.

III. The Equivalence Result

This section contains the core of our contribution. We motivate the requi-
site assumptions, solve for the rational-expectations fixed point, develop our
observation-equivalence result, and discuss the main insights encapsulated in it.

A. Higher-Order Beliefs: The Wanted Essence and the Unwanted Complexity

Higher-order beliefs are synonymous to how agents reason about GE effects.
To see this, revisit condition (5), which allows the following decomposition of the
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aggregate outcome:

(10) at = φ

∞∑
k=0

βkEt [ξt+k]︸ ︷︷ ︸
PE component

+ γ

∞∑
k=0

βkEt [at+k+1]︸ ︷︷ ︸
GE component

.

We label the first term as the PE component because it captures the agents’
response to any innovation holding constant their expectations about the en-
dogenous outcome; the additional change triggered by any adjustment in these
expectations, or the second term above, represents the GE component.

Consider now two economies, labeled A and B, that share the same δ ≡ β + γ
but have a different mixture of β and γ. Economy A features β = δ and γ = 0,
which means that GE considerations are entirely absent. Economy B features
β = 0 and γ = δ, which corresponds to “maximal” GE considerations.

In economy A, condition (5) reduces to at = φ
∑∞

k=0 δ
kEt[ξt+k], that is, only the

first-order beliefs of the fundamental matter. This is similar to the representative-
agent benchmark, except that the representative agent’s expectations are replaced
by the average expectations in the population. In economy B, instead, condition
(5) reduces to at = φEt [ξt] + δEt [at+1] and recursive iteration yields

(11) at = φ
∞∑
h=1

δhFht [ξt+h−1] ,

where, for any variable X, F1
t [X] ≡ Et [X] denotes the average first-order forecast

of X and, for all h ≥ 2, Fht [X] ≡ Et
[
Fh−1
t+1 [X]

]
denotes the corresponding h-th

order forecast. The key difference from both the representative-agent benchmark
and economy A is the emergence of such higher-order beliefs. These represent
GE considerations, or the agents’ reasoning about the behavior of others.

The logic extends to the general case, in which both β and γ are positive. The
only twist is that the relevant set of higher-order beliefs is significantly richer
than that seen in condition (11). Indeed, let ζt ≡

∑∞
τ=0 β

τξt+τ and consider the
following set of forward-looking, higher-order beliefs:

Et1 [Et2 [· · · [Eth [ζt+k] · · · ]],

for any t ≥ 0, k ≥ 2, h ∈ {2, ..., k}, and {t1, t2, ..., th} such that t = t1 < t2 <
... < th = t + k. As behavior depends on all these higher-order beliefs, this adds
considerable complexity relative to the β = 0 case. For instance, when k = 10
(thinking about the outcome 10 periods later), there are 210 beliefs of the fourth
order that are relevant when β > 0 compared to only one such belief when β = 0.7

7More generally, for any t and any k ≥ 2, there are now k − 1 types of second-order beliefs, plus
(k − 1)× (k − 2)/2 types of third-order beliefs, and so on.
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An integral part of our contribution is the bypassing of this complexity. The
assumptions that permit this bypassing are spelled out below. They come at the
cost of some generality, in particular we abstract from the possible endogeneity
of information.8 But they also bear significant gains on both the theoretical and
the quantitative front, which will become evident as we proceed.

B. Specification

We henceforth make two assumptions. First, we let the fundamental ξt follow
an AR(1) process:

(12) ξt = ρξt−1 + ηt =
1

1− ρL
ηt,

where ηt ∼ N (0, 1) is the period-t innovation, L is the lag operator, and ρ ∈ (0, 1)
parameterizes the persistence of the fundamental. Second, we assume that agent
i receives a new private signal in each period t, given by

(13) xi,t = ξt + ui,t, ui,t ∼ N (0, σ2),

where σ ≥ 0 parameterizes the informational friction (the level of noise). The
agent’s information in period t is the history of signals up to that period.

As anticipated in the previous subsection, these assumptions aim at minimizing
complexity without sacrificing essence. Borrowing from the literature on rational
inattention, we also invite a flexible interpretation of our setting as one where
fundamentals and outcomes are observable but cognitive limitations makes agents
act as if they observe the entire state of nature with idiosyncratic noise. But
instead of endogenizing the noise, we fix it in a way that best serves our purposes.

C. Solving the Rational-Expectations Fixed Point

Consider momentarily the frictionless benchmark (σ = 0), in which case the
outcome is pinned down by first-order beliefs, as in condition (7). Thanks to the
AR(1) specification for the fundamental, we have Et[ξt+k] = ρkξt, for all t, k ≥ 0.
We thus reach the following result, which states that the complete-information
outcome follows the same, up to a rescaling, AR(1) process as the fundamental.9

PROPOSITION 1: In the frictionless benchmark (σ = 0), the equilibrium out-
come is given by

(14) at = a∗t ≡
φ

1− ρδ
ξt =

φ

1− ρδ

1

1− ρL
ηt.

8This abstraction is the right benchmark for our purposes, including the connections built to the
evidence on expectations: this evidence helps discipline the theoretical mechanisms we are concerned
with, but contains little guidance on the degree or manner in which information may be endogenous.

9All proofs are delegated to Online Appendix Section ??.
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Consider next the case in which information is incomplete (σ > 0). As already
explained, the outcome is then a function of an infinite number of higher-order
beliefs. Despite the assumptions made here about the process of ξt and the signals,
these beliefs remain exceedingly complex.

Let us illustrate this point. Using the Kalman filter, one can readily show that
the first-order belief Et[ξt] obeys the following AR(2) dynamics:

(15) Et[ξt] =
(
1− λ

ρ

)(
1

1− λL

)
ξt,

where λ = ρ(1 − g) and g ∈ (0, 1) is the Kalman gain, itself a decreasing func-
tion of the level of noise.10 It follows that the second-order belief Et[Et+1[ξt+1]]
follows an ARMA(3,1). By induction, for any h ≥ 1, the h-th order belief
Et[Et+1[...Et+h[ξt+h]] follows an ARMA(h + 1, h − 1). Beliefs of higher order
thus exhibit increasingly complex dynamics.

As explained in Section III.A, the above set of higher-order beliefs is the relevant
one when β = 0. The general case with β > 0 is subject to an even greater curse of
dimensionality in terms of higher-order beliefs. And yet, this complexity vanishes
once we focus on the rational-expectations fixed point: under our assumptions,
the fixed point turns out to be merely an AR(2) process, whose exact form is
characterized below.

PROPOSITION 2 (Solution): The equilibrium exists, is unique and is such that
the aggregate outcome obeys the following law of motion:

(16) at =

(
1− ϑ

ρ

)(
1

1− ϑL

)
a∗t ,

where a∗t is the frictionless counterpart, obtained in Proposition 1, and where ϑ
is a scalar that satisfies ϑ ∈ (0, ρ) and that is given by the reciprocal of the largest
root of the following cubic:

C(z) ≡− z3 +

(
ρ+

1

ρ
+

1

ρσ2
+ (δ − γ)

)
z2(17)

−
(
1 + (δ − γ)

(
ρ+

1

ρ

)
+

δ

ρσ2

)
z + (δ − γ) .

Condition (16) gives the incomplete-information dynamics as a transformation
of the complete-information counterpart. This transformation is indexed by ϑ.
Relative to the frictionless benchmark (herein nested by ϑ = 0), a higher ϑ means
both a smaller impact effect, captured by the factor 1− ϑ

ρ in condition (16), and
a more sluggish build up over time, captured by the lag term ϑL.

10The Kalman gain is given by the unique g ∈ (0, 1) such as that (1 − g) = (1 − ρ2(1 − g))gσ2. This
yields g as a continuous and decreasing function of σ, with g = 1 when σ = 0 and g → 0 when σ → ∞.



12 THE AMERICAN ECONOMIC REVIEW MONTH YEAR

To understand the math behind the result, let β = 0 momentarily. In this case,
the outcome obeys

(18) at = φEt[ξt] + γEt[at+1].

If we guess that at follows an AR(2), we have that Et[at+1] follows an ARMA(3,1).
As already noted, Et[ξt] follows the AR(2) given in (15). The right-hand side of
the above equation is therefore the sum of an AR(2) and an ARMA(3,1). If the
latter was arbitrary, this sum would have returned an ARMA(5,3), contradicting
our guess that at follows an AR(2). But the relevant ARMA(3,1) is not arbitrary.

Because the impulse behind at is ξt, one can safely guess that at inherits the
root of ξt. That is, (1 − ϑL)(1 − ρL)at = bηt, for some scalars b and ϑ. This
in turn implies that the AR roots of the ARMA(3,1) process for Et[at+1] are the
reciprocals of ρ, ϑ and λ. As seen in (15), the roots of Et[ξt] are the reciprocals
of ρ and λ. It follows that the sum in the right-hand side of (18) is at most an
ARMA(3,1) of the following form:

(19) at =
c(1− dL)

(1− ϑL)(1− ρL)(1− λL)
ηt,

where c and d are functions of b and ϑ. For our guess to be correct, it has to be
that d = λ and c = b. The first equation, which lets the MA part and the last
AR part cancel out so as to reduce the above to an AR(2), and yields (17). The
second equation, which pins down the scale, yields b =

(
1− ϑ

ρ

)(
φ

1−ρδ

)
.

This is the crux of how the rational expectations fixed point works. The proof
presented in Online Appendix Section ?? follows a somewhat different path, which
is more constructive, accommodates β > 0, and can be extended to richer settings
along the lines of Huo and Takayama (2018).

When γ = 0, GE considerations are absent, the outcome is pinned down by
first-order beliefs, and Proposition 2 holds with ϑ = λ, where λ is the same root
as that seen in (15). When instead γ > 0, GE considerations and higher-order
beliefs come into play. As already noted, these beliefs follow complicated ARMA
processes of ever increasing orders. And yet, the equilibrium continues to follow
an AR(2) process. The only twist is that ϑ > λ, which, as mentioned above, means
that the equilibrium outcome exhibits less amplitude and more persistence than
the first-order beliefs. This is the empirical footprint of higher-order uncertainty,
or of the kind of imperfect GE reasoning accommodated in our analysis.

Below, we translate these properties in terms of our observational-equivalence
result (Propositions 3 and 5). The following corollary, which proves useful when
connecting the theory to evidence on expectations, is also immediate.

COROLLARY 1 (Forecasts): Any moment of the joint process of the aggregate
outcome, at, and of the average forecasts, Et[at+k] for all k ≥ 1, are functions of
only the triplet (ϑ, λ, ρ), or equivalently of (γ, δ, ρ, σ).
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D. The Equivalence Result

Momentarily put aside our incomplete-information economy and, instead, con-
sider a “behavioral” economy populated by a representative agent whose aggre-
gate Euler condition (6) is as follows:

(20) at = φξt + δωfEt [at+1] + ωbat−1,

for some scalars ωf , ωb. It is easy to verify that the equilibrium process of at in this
economy is an AR(2) whose coefficients are functions of (ωf , ωb) and (φ, δ, ρ). In
comparison, the equilibrium process of at in our incomplete-information economy
is an AR(2) whose coefficients determined as in Proposition 2. Matching the
coefficients of the two AR(2) processes, and characterizing the mapping from the
latter to the former, we reach the following result.

PROPOSITION 3 (Observational Equivalence): Fix (φ, δ, γ, ρ). For any noise
level σ > 0 in the incomplete-information economy, there exists a unique pair
(ωf , ωb) in the behavioral economy such that the two economies generate the same
joint dynamics for the fundamental and the aggregate outcome. Furthermore, this
pair satisfies ωf < 1 and ωb > 0.

This result allows one to recast the informational friction as the combination of
two behavioral distortions: extra discounting of the future, or myopia, in the form
of ωf < 1; and backward-looking behavior, or anchoring of the current outcome
to past outcome, in the form of ωb > 0.

This representation is, of course, equivalent to the closed-form solution provided
in Proposition 2. We prefer the new representation not only because it serves the
applied purposes of our paper, but also because the main insights about myopia
and anchoring extend to richer settings, while the specific AR(2) solution provided
in Proposition 2 does not. This idea is formalized in Online Appendix Section ??.

E. The Roles of Noise and GE Considerations

As one would expect, both distortions increase with the level of noise.

PROPOSITION 4 (Noise): A higher σ maps to a lower ωf and a higher ωb.

What this result, however, fails to highlight is the dual meaning of “noise” in
our setting: a higher σ represents not only less accurate information about the
fundamental (larger first-order uncertainty) but also more friction in how agents
reason about others (larger higher-order uncertainty). The latter, strategic or
GE, channel is highlighted by the next result.

PROPOSITION 5 (GE): Consider an increase in the relative importance of GE
considerations, as captured by an increase in γ holding δ ≡ β+γ, as well as σ and
ρ, constant. This maps to both greater myopia (lower ωf ) and greater anchoring
(higher ωb).
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This result circles backs to our discussion in Section III.A regarding the inter-
pretation of higher-order uncertainty as a distortion in agents’ GE reasoning. It
also anticipates a point we make in Section V. While the kind of evidence on
informational frictions provided by Coibion and Gorodnichenko (2015) is an es-
sential ingredient for the quantitative evaluation of the assumed friction, it is not
sufficient. One must combine such evidence with knowledge of how important
the GE feedback from expectations to actual behavior is.

F. Robustness

The results presented above depend on stark assumptions about the process of ξt
and the information structure. But the key insights regarding myopia, anchoring,
and the role of higher-order beliefs are more general. Online Appendix Section ??
shows how to generalize these insights in a setting that allows ξt to follow an
essentially arbitrary MA process, as well as information to diffuse in a flexible
manner.11 The elegance of our observational-equivalence result is lost, but the
essence remains.

Another extension, better suited for applied purposes, is offered in Section VIII.
There, we consider a multi-variate analogue of condition (4). This allows one to
handle the full, three-equation New Keynesian model, the HANK variant consid-
ered in Section VII, and a large class of linear networks.

IV. Connection to DSGE, Bounded Rationality, and beyond

In the end of Section II we sketched how our framework nests incomplete-
information extensions of the Dynamic IS curve and the NKPC. We also dis-
cussed how γ relates to the slope of the Keynesian cross, or the income-spending
multiplier, in the first context and to the frequency of price adjustment in the
second. The following translations of our abstract results are thus immediate.
COROLLARY 2: Applying our result to condition (9) yields the following NKPC:

(21) πt = κmct + ωfχEt[πt+1] + ωbπt−1.

In this context, the distortions increase with the frequency of price adjustment.
COROLLARY 3: Applying our result to condition (8) yields the following Dy-
namic IS curve:

(22) ct = −ςrt + ωfEt[ct+1] + ωbct−1.

In this context, the distortions increase with the MPC, or the slope of the Keyne-
sian cross.

11Such richness is prohibitive in general. We cut the Gordian knot by orthogonalizing the information
about the innovations occurring at different points of time. Although this modeling approach is unusual,
it nests “sticky information” (Mankiw and Reis, 2002) as a special case and clarifies the theoretical
mechanisms.
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Condition (21) looks like the Hybrid NKPC. Condition (22) looks like the Euler
condition of representative consumer who exhibits habit persistence plus myopia.
Online Appendix Section ?? offers a related result for investment: we take a
model in which adjustments cost depend on the change in the stock of capital, as
in traditional Q theory; add incomplete information; and show that this model
looks like a model in which adjustment costs depend on the change in the rate of
investment.

Together, these results illustrate how informational frictions can substitute for
the more ad hoc sources of sluggishness in all the equations of DSGE models. The
basic idea is familiar from previous works (e.g., Sims, 2003; Mankiw and Reis,
2002; Woodford, 2003; Nimark, 2008). The added value here is the sharpness of
the provided representation and the following, complementary lessons.

First, we build a bridge to a recent literature that shows how lack of common
knowledge and related forms of bounded rationality make agents behave as if they
are myopic. These works help generate ωf < 1 but restrict ωb = 0. In Angeletos
and Lian (2018), this is because there is no learning. In Farhi and Werning
(2019), Garcıa-Schmidt and Woodford (2019) and Iovino and Sergeyev (2017), it
is a direct implication of the adopted solution concept: level-k thinking amounts
to equating beliefs of order h ≤ k to their complete-information counterparts, and
beliefs of order h > k to zero. This makes agents underestimate GE effects, which
maps to ωf < 1, but precludes the mistake in beliefs to be corrected over time,
which maps to ωb = 0. Our approach, instead, naturally delivers both ωf < 1 and
ωb > 0, which is what the macroeconomic data want.12 By the same token, our
approach allow both for under-reaction and momentum in average expectations,
which is what the available survey evidence want.

Second, we offer a new rationale for why the information-driven sluggishness
may loom large at the macro level even if is absent at the micro level. Previ-
ous work has emphasized that agents may naturally have less information about
aggregate shocks than about idiosyncratic shocks (Maćkowiak and Wiederholt,
2009). We add that higher-order uncertainty effectively amplifies the friction at
the macro level. We further clarify these points in Online Appendix Section ??
by considering an extension of our framework with idiosyncratic shocks. And in
Online Appendix Section ??, we discuss how the exact same logic transported
to an asset-pricing context may help rationalize larger momentum at the macro
level than at the micro level, or what is known as Samuelson’s dictum (Jung and
Shiller, 2005).

Third, by tying the macro-level distortions to strategic complementarity and GE
feedbacks, we highlight how the former can be endogenous to market structures
and policies that regulate the latter. We come back to this point in Section VI.

Fourth, in the context of the NKPC, we show that higher price flexibility con-
tributes to more sluggishness in inflation by intensifying the role of higher-order

12This point applies to dynamic settings. In static games such as Morris and Shin (2002), the three
approaches are observationally equivalent vis-a-vis the macroeconomic time series.
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beliefs. This seems an intriguing, new addition to the “paradoxes of flexibility.”
And in the context of the Dynamic IS curve, we tie the habit-like persistence in
consumption to the MPC, or the slope of the Keynesian cross. This hints at the
promise of incorporating incomplete information in the HANK literature, an idea
we expand on in Section VII.

Finally, we offer a simple strategy for quantifying the distortions of interest.
We spell out the elements of this strategy in the next section and put it at work
in our subsequent applications to inflation and consumption dynamics.

V. Connection to Evidence on Expectations

Proposition 3 ties the documented distortions to σ. This parameter may not be a
priori known to the analyst (“econometrician”). Surveys of expectations, however,
can help identify it. In this section, we use our results to map readily available
evidence on expectations to the macroeconomic distortions of interest. We also
clarify which subset of such evidence is best suited for our purposes (moments of
average forecasts) and provide two examples of robustness for the offered mapping
(one regarding overconfidence and another regarding public signals).

A. Calibrating the friction

Consider Coibion and Gorodnichenko (2015), or CG for short. This paper runs
the following regression on data from the Survey of Professional Forecasters:

(23) at+k − Et[at+k] = KCG
(
Et[at+k]− Et−1[at+k]

)
+ vt+k,t,

where at is an economic outcome such as inflation and Et[at+k] is the average
(“consensus”) forecast of the value of this outcome k periods later. CG’s main
finding is that KCG, the coefficient of the above regression, is positive. That is,
a positive revision in the average forecast between t− 1 and t predicts a positive
average forecast error at t.

What does this mean under the lenses of the theory? Insofar as agents are
rational, an agent’s forecast error ought to be orthogonal to his own past revision,
itself an element of the agent’s information set. But this does not have to be true
at the aggregate level, because the past average revision may not be commonly
known. More succinctly, KCG ̸= 0 is possible because the forecast error of one
agent can be predictable by the past information of another agent.

Furthermore, because forecasts adjust sluggishly towards the truth, the theory
suggests that KCG ought to be positive and increasing in the informational fric-
tion. To illustrate this, CG treat at as an exogenous AR(1) process, assume the
same Gaussian signals as we do, and show that in this case KCG = 1−g

g , where
g ∈ (0, 1) is the Kalman gain, itself a decreasing function of σ. They therefore
argue that their estimate of KCG offers a measure of the informational friction.

In our context, at is endogenous to expectations. This complicates the struc-
tural interpretation and use of this measure. The level of noise now influences
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not only the agents’ forecasting of at, but also its own stochastic process. Fur-
thermore, because the level of noise interacts with the GE feedback in shaping
the process for at, the GE parameter γ enters the mapping between σ and KCG.
The next result shows what exactly is going on.

PROPOSITION 6 (KCG): The theoretical counterpart of the coefficient of re-
gression (23) for k = 1 is given by

(24) KCG = λ
ϑ+ ρ− ρϑ(λ+ ϑ)− ρλϑ(1− λϑ)

(ρ− λ)(1− λϑ)(ρ+ ϑ− λρϑ)
,

where λ and ϑ are defined as in Section III.C. It follows that
(i) KCG is increasing in σ, the level of noise; and
(ii) KCG is decreasing in γ, the GE feedback.

The formula for KCG is not particularly intuitive. However, in combination
with our closed-form characterizations for λ and ϑ, it allows us to prove the two
illuminating comparative statics stated above. The first verifies that CG’s logic
that a high value for KCG signals a high informational friction extends from their
PE context, where at follows an exogenous process, to our GE context, where the
process for at is influenced by the informational friction. The second comparative
static highlights the limits of this logic: a small value for KCG could conceal a
large value for σ if the GE feedback is large enough.

At first glance, this may appear to contradict our result in Proposition 5 that
a higher γ translates to larger distortions in the equilibrium dynamics. But the
underlying logic for both results is actually the same. When γ is higher, agents are
more willing to coordinate their behavior. This reduces the reliance of behavior on
private information and increases the reliance on the prior or higher-order beliefs.
As this happens, the equilibrium outcome becomes less responsive to innovations.
But precisely because of this reason, the reliance of the forecasts of the outcome
on private information is also reduced, which means that the forecast error of one
agent is less predictable by the information of another agent, and hence that the
KCG coefficient is closer to zero.

What does this mean for the structural interpretation and use of the available
expectations evidence? When the GE effect increases, both of the aforementioned
channels work in the same direction: for given σ, a higher γ means both larger
distortions in terms of (ωf , ωb) and a smaller observable footprint in terms of
KCG. The following is therefore true:

COROLLARY 4: As γ increases, the same value for KCG maps to both more
myopia (smaller ωf ) and more anchoring (larger ωb) in the aggregate outcome.

This is illustrated in Figure 1. On the horizontal axis, we vary the value of KCG
that may be recovered from running regression (23) on the applicable expectations
data. On the vertical axis, we report the predicted values for ωf and ωb. For given
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γ, a higher KCG maps to a higher σ and thereby to larger distortions. But a higher
γ maps to larger distortions for given KCG not only because it amplifies the effect
of noise, but also because it requires a larger σ to match the given KCG.
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Figure 1. Myopia and Anchoring

Note: The distortions as functions of the proxy offered in Coibion and Gorodnichenko (2015). The solid
lines correspond to a stronger degree of strategic complementarity, or GE feedback, than the dashed one.

B. Individual forecasts and overconfidence

So far, we have emphasized how one could make use of the moment estimated
in CG, along with our tools, to obtain an estimate of ωf and ωb. Other moments
of the average forecasts, such as the persistence of the average forecast errors
estimated in Coibion and Gorodnichenko (2012), could serve a similar role. But
what about moments of the individual forecasts? We next explain why such
moments can be largely ignored for our purposes (but not for other purposes).

Consider, in particular, the individual-level counterpart of the CG regression,
that is, the regression of one’s forecast errors on one’s own past revisions. As noted
earlier, rational expectations requires that the coefficient of this regression be zero.
Bordalo et al. (2020) and Broer and Kohlhas (2019) argue that this coefficient is
negative in the data, supporting the presence of overconfidence. Our own take
is that the evidence is inconclusive: the relevant coefficient switches signs across
variables and samples (inflation vs. unemployment, pre- vs post-Volker, etc),
making it hard to reject rational expectations. But even if we take for granted
those papers’ preposition of systematic bias in beliefs, this does not necessarily
upset either our theoretical results or our proposed quantitative strategy.

We illustrate this point by augmenting our model with the same kind of over-
confidence as Broer and Kohlhas (2019): whereas the actual level of noise is σ,
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agents perceive it to be σ̂, for some σ̂ < σ. (For completeness, under-confidence, or
σ̂ > σ, is also allowed.) In this extension, the gap between σ̂ and σ, or the degree
of overconfidence, emerges as the essential determinant of the aforementioned
individual-level moment.13 But this moment and its determinant “drop out of
the picture” for our purposes:

PROPOSITION 7: Propositions 2–6 and Corollary 1 remain valid, modulo the
replacement of σ with σ̂ throughout. By implication, the mapping from KCG to
(ωf , ωb) is invariant to the degree of overconfidence.

To understand this result, note that the perceived σ̂ alone determines how much
each agent’s beliefs and choices vary with his information, and thereby how much
the corresponding aggregates vary with the underlying fundamental. The true
σ instead determines how unequal beliefs and choices are in the cross section,
but such inequality does not matter for aggregates in our class of economies. It
follows that all our results, including the characterization of (ωf , ωb) and KCG,
carry over by replacing σ with σ̂.

Suppose, now, that the analyst knows all parameters except σ̂ and σ and wishes
to quantify the equilibrium effects of the friction under consideration (as we do,
for example, in Section VI). Suppose further that the analyst combines the CG
coefficient with the individual-level counterpart estimated in Bordalo et al. (2020)
and Broer and Kohlhas (2019). Then, the CG coefficient alone allows the iden-
tification of σ̂ and the quantification of its effect on the actual dynamics. The
individual-level counterpart allows the identification of σ, but this does not affect
the aforementioned quantitative evaluation.

A similar point applies to the cross-sectional dispersion of forecasts. A large
part of it is accounted by individual-specific fixed effects, which themselves cor-
relate with life-time experiences unrelated to the current macroeconomic context
(Malmendier and Nagel, 2016). This can be accommodated in the theory by
letting each agent i have a different prior mean, µi, about ξt. Such prior-mean
heterogeneity is then a key determinant of the cross-sectional dispersion of fore-
casts. But it does not matter at all for our observational equivalence result and
the offered mapping from KCG to (ωf , ωb).

This also anticipates the exercise conducted in Table 1: for our quantitative
application to inflation, we test the ability of our model to capture the cross-
sectional dispersion of the forecast errors or the forecast revisions precisely be-
cause these objects partial out individual fixed effects such as those associated
with the aforementioned kind of heterogeneity.

13Broer and Kohlhas (2019) establish this point in a setting where at follows an exogenous AR(1)
process, but the logic extends to our context. When agents are overconfident (σ̂ < σ), they over-react to
their information relative to what a rational agent would do, so a positive forecast revision today predicts
a negative forecast error in the future. And the converse is true if agents are under-confident (σ̂ > σ).
Also note that, although the formulation used in Bordalo et al. (2020) has different methodological
underpinnings, it works in essentially the same way as the form overconfidence considered here.
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More challenging is the evidence presented in Kohlhas and Walther (2019). In
direct contradiction to CG’s message, these authors argue that expectations over-
react in the sense that average forecasts errors are negatively correlated with past
outcomes. They then proceed to offer a resolution based on asymmetric attention
to pro-cyclical and counter-cyclical components of the forecasted variable. In
Online Appendix Section ??, we explain how our methods can be adapted to their
setting. And in Angeletos, Huo and Sastry (2021), we propose an alternative
resolution, one based on the combination of informational frictions and over-
extrapolation. But we leave this issue out of the present paper.

C. Public information

So far we have have let agents observe only private signals. If we add public
signals, the CG moment is no more sufficient for uniquely identifying the infor-
mation structure: there are multiple combinations of the precisions of the private
and public signals that generate the same value for KCG. By the same token, any
given value for KCG maps to a set of possible values for the pair (ωf , ωb).

At first glance, this poses a challenge for the quantitative strategy proposed
in this section. However, as explained in Online Appendix Section ?? and illus-
trated in our application to inflation below, this challenge is resolved by two key
observations.

First, KCG puts a tight upper bound on the relative precision of the public
signal. Intuitively, as information gets more and more correlated, everybody’s
expectations converge to those of a representative agent, and KCG converges to
zero. A high value for KCG therefore means necessarily either that there is little
public information to start with, or that people pay little attention to it.

Second, by varying the precision of public information between zero and the
aforementioned upper bound, we can span the entire range of values (ωf , ωb) that
are consistent with any given value of KCG. In Online Appendix Section ??, we
implement this strategy in our application to inflation, which is the topic of the
next section, and show that the distortions reported therein under the simplifying
assumption of no public information represent a lower bound on the distortions
obtained when public information is added.

VI. Application to Inflation

We now apply our toolbox the context of inflation. We argue that the theory
can not only rationalize existing estimates of the Hybrid NKPC with some level of
noise, but also do so with a level of noise consistent with that inferred from CG’s
evidence on expectations. We also illustrate how our theory ties the coefficients
of the Hybrid NKPC to policy and market structures.14

14Nimark (2008) foresaw the first part of our application by showing that an econometrician would
estimate a Hybrid NKPC on artificial data generated by his model. Relative to that paper, we offer a
sharper illustration of this possibility and, most importantly, let the evidence on expectations bear on
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A. Operationalizing the theory

Consider the incomplete-information NKPC introduced in Section II:15

(25) πt = κ

∞∑
k=0

(χθ)kEt [mct+k] + χ(1− θ)

∞∑
k=0

(χθ)kEt [πt+k+1] ,

Unlike the representation obtained in Corollary 2, this equation is structural:
it is invariant to the process for the real marginal cost and the specification of
information. But it is also hard to implement empirically, because it requires data
on the term structure of the relevant forecasts over long horizons. This is where
our toolbox comes handy: using our results, we can connect the above structural
equation both to existing estimates of the Hybrid NKPC and to the available
evidence on expectations.

To evaluate these connections, we henceforth interpret the time period as a
quarter and impose the following parameterization: χ = 0.99, θ = 0.6, and
ρ = 0.95. The value of χ requires no discussion. The value of θ is in line with
micro data and textbook treatments of the NKPC. The value of ρ is obtained
by estimating an AR(1) process on the labor share, the empirical proxy for the
real marginal cost used in, inter alia, Galí and Gertler (1999) and Galí, Gertler
and Lopez-Salido (2005).16 Finally, the value of κ is left undetermined: because
this parameter scales up and down the inflation dynamics equally under any
information structure, it is irrelevant for the conclusions drawn below.17

B. Connecting to Existing Estimates of the Hybrid NKPC

While an unrestricted estimation of the Hybrid NKPC allows ωf and ωb to be
free, our theory ties them together: a higher ωb can be obtained only if the noise
is larger, which in turns requires ωf to be smaller. A quick test of the theory is
therefore whether the existing estimates of the Hybrid NKPC happen to satisfy

the theory. Such a connection to the expectations evidence is also absent from Woodford (2003), Mankiw
and Reis (2002), Reis (2006), Kiley (2007), Maćkowiak and Wiederholt (2009, 2015) and Matejka (2016).
Melosi (2016) utilizes expectations data but studies a different issue, the signaling role of monetary
policy. Finally, the literature on adaptive learning (Sargent, 1993; Evans and Honkapohja, 2012) also
allows for the anchoring of current outcomes to past outcomes; see in particular Carvalho et al. (2017)
for an application to inflation. But the anchoring found in our paper has three distinct qualities: it is
consistent with rational expectations; it is tied to the strength of the GE feedback; and it is directly
comparable to that found in the DSGE literature.

15Recall that πt is the inflation rate, mct is the real marginal cost, χ ∈ (0, 1) is the discount factor,
θ ∈ (0, 1) is the Calvo parameter, and κ > 0 is the slope of the NKPC. Online Appendix Section ??
contains a detailed derivation, a discussion of the underlying assumptions, and an explanation of a
mistake in versions of this condition found in some prior work.

16We use seasonally adjusted business sector labor share as proxy for the real marginal cost, from
1947Q1 to 2019Q2. This yields an estimate of ρ equal to 0.97 or 0.92 depending on whether we exclude
or include a linear trend.

17In the textbook version of the NKPC, κ is itself pinned down by χ and θ. But the literature has
provided multiple rationales for why κ can differ from its textbook value (e.g., it can vary with the
curvature of “Kimball aggregator”). For our purposes, this amounts to treating κ as a free parameter.
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this restriction. We implement this test in Figure 2. The negatively slopped
line depicts the aforementioned restriction. The crosses represent the three main
estimates of the pair (ωf , ωb) from Galí, Gertler and Lopez-Salido (2005), and the
surrounding disks give the corresponding confidence regions.18

0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75
0.15

0.2

0.25

0.3

0.35

0.4

0.45

0.5

0.55

0.6

Figure 2. Testing the Theory

Note: The straight line represents the relation between ωf and ωb implied by the theory. Raising the level
of noise maps to moving northwest along this line. The darker, thicker segment of this line corresponds
to the confidence interval of KCG, the relevant moment of the inflation forecasts, as reported in column
(1) of Table 1 Coibion and Gorodnichenko (2015). The three crosses represent the three estimates of the
pair (ωf , ωb) provided in Table 1 of Galí, Gertler and Lopez-Salido (2005), and the surrounding disks
give the corresponding confidence regions.

As evident in the figure, the theory passes the aforementioned test: the existing
estimates of the Hybrid NKPC can be rationalized by some level of noise.19 But
is the requisite level of noise empirically plausible? We address this question next
by making use of the mapping developed in Section V.

18The three estimates are taken from Table 1 of that paper. In particular, the left one of the three
points shown in Figure 2 corresponds to (ωf , ωb) = (0.618, 0.374) and is obtained by the GMM estimation
of the closed-form solution that expresses current inflation as the sum of past inflation and all the
expected future real marginal costs. The middle point corresponds to (ωf , ωb) = (0.635, 0.349) and
is obtained by GMM estimation of the hybrid NKPC directly. Finally, the right point corresponds to
(ωf , ωb) = (0.738, 0.260) and is obtained by a nonlinear instrumental variable estimation.

19Mavroeidis, Plagborg-Møller and Stock (2014) review the extensive literature on the empirical liter-
ature of the NKPC and questions the robustness of the estimates provided by Galí, Gertler and Lopez-
Salido (2005). This debate is beyond the scope of our paper. In any event, the exercise conducted next
bypasses the estimation of the Hybrid NKPC on macroeconomic data and instead infers it by calibrating
our theory to survey data on expectations.
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C. Bringing in the evidence on expectations

As already noted, CG have run regression (23) using data from the Survey of
Professional Forecasters.20 Their main OLS specification, reported in column (1)
of Table 1 of that paper, yields a mean estimate for KCG equal to 1.193, with a
standard deviation of 0.185. Translating the 95% confidence interval through the
mapping developed in Section V yields the darker, thicker segment in Figure 2.
This segment thus identifies the combinations of (ωf , ωb) that can be rationalized
with a level of noise consistent with the expectation evidence in CG.

Clearly, only the third of the three estimates provided by Galí, Gertler and
Lopez-Salido (2005), that corresponding to the furthest right point in the figure,
is noticeably away from this segment. This happens to be the estimate that these
authors trust the least for independent, econometric, reasons. We conclude that,
when the theory is disciplined by the evidence in CG, it generates distortions
broadly in line with existing estimates of the Hybrid NKPC. More succinctly, the
informational friction implicit in the expectations data may alone account for all
the observed inertia in inflation.

D. A decomposition

The quantitative implications of the theory are further illustrated in Figure 3.
This figure compares the impulse response function of inflation under three sce-
narios. The solid line corresponds to frictionless benchmark. The dashed line
corresponds to the frictional case, calibrated to the mean estimate of KCG re-
ported above. The circled dotted line is explained shortly.

As evident in the figure, the quantitative bite of the informational friction is
significant: the impact effect on inflation is about 60% lower than its complete-
information counterpart, and the peak of the inflation response is attained 5
quarters after impact rather than on impact. But what drives this quantitative
bite? The lack of information about the real marginal cost (the PE component),
or the beliefs about inflation (the GE component)?

The answer to this question is provided by the circled dotted line in Figure 3.
This line represents a counterfactual that shuts down the effect of the informa-
tional friction on the expectations of the behavior of others (inflation) and isolates
its effect on the the expectations of the fundamental (the real marginal cost). As
evident in the figure, this counterfactual is very close to the complete-information
benchmark and far away from the incomplete-information case. It follows that
most of documented quantitative bite is due to the GE channel, or the anchoring
of the expectations of inflation.21

20In the present context, it would be preferable to have an estimate of KCG for the average forecasts
of a representative sample of US firms. Such an estimate is lacking in the literature, but the evidence
in Coibion and Gorodnichenko (2012) suggests that the friction among firms and consumers is, as one
would expect, larger than that among professional forecasters.

21The decomposition offered in Figure 3 mirrors the decomposition of PE and GE effects introduced
in Section III.A. See Online Appendix Section ?? for the detailed construction.
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Figure 3. Response of Inflation to Higher Real Marginal Cost

E. Cross-sectional moments

Thus far we have disregarded the individual-level evidence of Bordalo et al.
(2020) and Broer and Kohlhas (2019). For the reasons explained in Section V, this
evidence can be matched by letting agents be over- or under-confident, without
influencing any of the preceding findings. This, however, does not mean that such
evidence has no bite on the quantitative performance of the model. If we use the
CG moment in combination with the individual-level counterpart estimated in
the aforementioned papers, we can jointly identify σ̂ and σ, the perceived and
the actual level of noise. We can then further test the model by looking at its
predictions for other, non-targeted moments, such as the cross-sectional dispersion
of the individual forecast errors or that of the individual forecast revisions.

We implement this test in Table 1. We continue to denote with KCG the co-
efficient of regression (23), and we denote with KBGMS/BK the individual-level
counterpart. We then consider three sets of estimates for these coefficients. The
first corresponds to Coibion and Gorodnichenko (2015) and to the exercise con-
ducted above. The second and the third sets are from Bordalo et al. (2020) and
Broer and Kohlhas (2019), respectively.22 For each set, we report the identified
belief parameters, the implied degrees of myopia and anchoring, and the model’s
predictions about the aforementioned cross-sectional moments. We finally com-
pare the latter to their empirical counterparts.

As explained in the legend of the table, we consider two possible normalizations
of the cross-sectional moments. Some normalization is needed because the anal-
ysis so far has been silent about the scale of the fluctuations in inflation. In one,

22Though both papers confirm that the original CG findings that KCG is positive, they disagree on the
sign of KBGMS. This reflects differences in the treatment of outliers and other implementation details.
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we normalize by the unconditional volatility of the quarter-to-quarter change in
inflation. In the other, we normalize by the unconditional volatility of the level
of inflation. We a priori prefer the first normalization, because our model is not
supposed to capture low-frequency phenomena (e.g., great moderation) that may
be “polluting” the second measure. But the model does a good job in both cases.

Table 1—Moments on Average and Individual Inflation Forecasts

KCG KBGMS/BK σ̂ σ ωf ωb

CG 1.19 0.00 1.76 1.76 0.52 0.43
BGMS 1.41 0.18 2.04 1.61 0.48 0.46
BK 1.27 -0.19 1.86 2.61 0.51 0.44

Forecast error dispersion Forecast revision dispersion
data1 model1 data2 model2 data1 model1 data2 model2

CG 2.07 2.03 0.40 0.24 1.94 1.63 0.38 0.19
BGMS 2.07 1.80 0.40 0.20 1.94 1.32 0.38 0.14
BK 2.07 2.98 0.40 0.34 1.94 2.31 0.38 0.26

Note: The three rows correspond to different estimates for KCG, the coefficient of regression (23), and
KBGMS/BK, the individual-level counterpart. In the first row, KCG is taken form Panel B, Table 1 of
Coibion and Gorodnichenko (2015), and KBGMS/BK is fixed to zero. In the second row, both KCG and
KBGMS/BK are taken from Table 3 of Bordalo et al. (2020). And in the third row, they are taken from
Table 1 of Broer and Kohlhas (2019). The columns under forecast error dispersion correspond to the
standard deviation of the cross-sectional forecast errors normalized by the standard deviation of either
the quarter-to-quarter change in inflation (columns with superscript 1) or the level of inflation (with
superscript 2). The columns under forecast revision dispersion correspond to the standard deviation
of the cross-sectional forecast revisions with the same normalizations. We collect the forecast data
from the survey of professional forecasters run by the Federal Reserve Bank of Philadelphia (Survey of
Professional Forecasters, 1968-2018), and the real-time GDP deflator data from the Philadelphia Fed’s
Real-Time Dataset for Macroeconomists (Real-Time Data Set for Macroeconomists, 1968-2018).

F. Food for thought

We wrap up our application to inflation with a few additional insights about
the possible determinants of the Hybrid NKPC implied by our analysis.

We start by studying the role of market concentration.23 To this goal, we
modify the micro-foundations as follows. There is now a continuum of markets,
in each of which there is a finite number, N ≥ 2, of competitors. We index the
markets by m ∈ [0, 1] and the firms in a given market by i ∈ {1, ..., N}. We let

23We thank a referee for suggesting this direction.
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consumers have nested-CES preferences, so that the demand faced by firm i in
market m is given by

Yi,m,t =

(
Pi,m,t
Pm,t

)−ψ (Pm,t
Pt

)−ε
Yt,

where Pi,m,t is the price of that firm, Pm,t is the price index of the market that
firm operates in, Pt is the aggregate price level, Yt is aggregate income, ψ > 1
is the within-market elasticity of substitution and ϵ ∈ (0, ψ) is the cross-market
counterpart. We finally assume that each firm has complete information about
its own market but incomplete information about the entire economy.24

PROPOSITION 8: In the economy described above, Corollary 2 continues to
hold, modulo the following modification: both distortions decrease with market
concentration (i.e., they increase with N).

The intuition behind this result is that a higher degree of market concentration
increases the strategic complementarity within markets and decreases it across
markets. To the extent that firms know more about their own market than about
the entire economy, this amounts to a lower bite of higher-order uncertainty, and
therefore less myopia and less anchoring in the aggregate inflation dynamics.

This result links two empirical trends: the increase in market concentration
(De Loecker, Eeckhout and Unger, 2020; Autor et al., 2020) and the reduction
in inflation persistence (Cogley, Primiceri and Sargent, 2010; Fuhrer, 2010). Of
course, this correlation does not establish causality. Still, the result illustrates how
our analysis sheds new light on the possible determinants of inflation persistence.

We conclude with two additional ideas along these lines. The first one regards
the conduct of monetary policy. Under the lens of our approach, a more hawkish
monetary policy, such as that followed in the post-Volker era, is predicted to con-
tribute to lower inflation persistence by reducing the effective degree of strategic
complementarity in the firms’ pricing decisions.

The second idea regards the economy’s input-output structure. Rubbo (2020)
has recently argued, in a setting abstracting from informational frictions, that
changes in the input-output structure help explain the flattening of the NKPC.
Our own analysis suggests that, in the presence of informational frictions, such
changes may have also influenced the endogenous persistence in inflation, or the
backward-looking component of the Hybrid NKPC.25

The exploration of these ideas is left for future work. But Section VIII paves
the way for them by extending our tools to multi-variate systems and networks.

24The logic for the offered result requires only that information is more correlated within a market
than across markets, or that firms face less higher-order uncertainty about their immediate links in the
market network than about their remote links. The sharper assumption that firms face no higher-order
uncertainty about their immediate links only simplifies the exposition.

25La’O and Tahbaz-Salehi (2020) make a similar point as Rubbo (2020) in a setting where nominal
rigidity originates in incomplete information, but abstract from forward-looking behavior and learning,
which are the forces highlighted here.
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VII. Application to Consumption and Bridge to HANK

Now we turn to the effects of incomplete information on aggregate demand. As
already shown in Corollary 3, the Euler equation is modified as if there is addi-
tional discounting together with habit persistence. In this section, we illustrate
the quantitative potential of this idea. We also build a bridge to the HANK liter-
ature by showing that the habit-like sluggishness generated by the informational
friction is amplified when the agents with the highest MPC are also the ones with
the most cyclical income (Patterson, 2019; Flynn, Patterson and Sturm, 2019).

A. A HANK-like extension

We consider a perpetual-youth, overlapping-generations version of the New
Keynesian model, along the lines of Piergallini (2007), Del Negro, Giannoni
and Patterson (2015), and Farhi and Werning (2019). As in those papers, fi-
nite horizons (mortality risk) serve as convenient proxies for liquidity constraints,
self-control problems, and other micro-level frictions that help explain why most
estimates of the MPC in microeconomic data are almost an order of magnitude
larger than that predicted by the textbook infinite-horizon model. We take this
basic insight a step further by letting heterogeneity in mortality risk capture het-
erogeneity in the MPC. We couple this with heterogeneity in cyclical exposure.
And, crucially, we let information be incomplete.

There are n types, or groups, of consumers, indexed by g ∈ {1, ..., n}, with
respective mass πg. In each period, a consumer in group g remains alive with
probability ϖg ∈ (0, 1]; with the remaining probability, she dies and gets re-
placed by a new consumer of the same type. Consumers can trade actuarially fair
annuities, so the return to saving, conditional on survival, is Rt/ϖg. This makes
sure that the mortality risk does not distort intertemporal smoothing. Still, het-
erogeneity in ωg matters because it maps to heterogeneity in MPCs. On top of
that, different groups can have different exposures to the business cycle: the (log)
income of group g is yg,t = ϕgyt, where ϕg ≥ 0 is the elasticity of that group’s
income with respect to aggregate income and

∑
g πgϕg = 1.

These assumptions allow us to study how the propagation mechanism under
consideration, namely that related to incomplete information and higher-order
beliefs, depends on heterogeneity in MPCs and business-cycle exposures. But
they also open the door to a separate propagation mechanism: the dynamics of
wealth inequality and the associated role of fiscal policy. To isolate the effects of
interest, to nest the present application to the abstract analysis of Section VIII,
and to obtain a sharp theoretical result (Proposition 9 below), we neutralize
the second mechanism by letting appropriate fiscal transfers undo any wealth
inequality triggered by interest-rate shocks.26

26An earlier draft had not clarified this assumption, without which the wealth distribution becomes
a relevant state variable for the aggregate dynamics. We thank Dmitriy Sergeyev for pointing out this.
See Online Appendix Section ?? for details.
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As shown in Online Appendix Section ??, the group-level spending can be
expressed as follows:

(26) cg,t = mgϕg

∞∑
k=0

(1−mg)
kEgt [ct+k]− (1−mg)

∞∑
k=0

(1−mg)
kEgt [rt+k],

where mg ≡ 1 − χϖg, χ is the subjective discount rate, and Egt is the average
expectation. For each g, equation (26) follows from aggregating the consumption
functions of the individuals within group g and replacing their income in terms
of aggregate consumption. The collection of these equations across g recasts the
demand block of the economy as a dynamic network among the various groups
of consumers. This echoes Auclert, Rognlie and Straub (2019), which develops
similar network representations for more general HANK economies.

Inspection of (26) reveals, first, that mg identifies the MPC of group g and, sec-
ond, that the strategic complementarity, or the Keynesian cross, depends on how
the product mgϕg varies across groups, or whether a higher MPC is positively cor-
related with a higher business-cycle exposure. Patterson (2019) provides evidence
of such a positive correlation and shows how it translates to a steeper Keynesian
cross in a static, complete-information context. In the light of our insight of how
the as-if distortions introduced by informational frictions depend on GE feedback
mechanisms, one may expect such a positive correlation to translate also to more
myopia and habit-like persistence in the aggregate consumption dynamics. We
verify this intuition in part (iii) below, at least under the simplifying assumption
of two groups.

PROPOSITION 9 (HANK): (i) Under complete information, there exists a scalar
ς > 0 such that aggregate consumption obeys a textbook Euler condition of the
following form:

ct = −ςrt + Et[ct+1].

(ii) Under incomplete information, there exist scalars ωf < 1 and ωb > 0 such
that aggregate consumption obeys a hybrid Euler condition of the form:

ct = −ςrt + ωfEt[ct+1] + ωbct−1,

where the scalar ς > 0 is the same as that under complete information and the
scalars ωf < 1 and ωb > 0 are functions of σ and (πg,mg, ϕg)g∈{1,...,n}.

(iii) Suppose there are two groups, with m1 > m2. An increase in ϕ1, the
business-cycle exposure of high-MPC group, maps to a lower ωf and a higher ωb,
that is, more as-if myopia and anchoring in the aggregate dynamics.

Part (i) mirrors an irrelevance result from Werning (2015). With complete
information, the DIS curve of our HANK economy is the same as a representative
agent’s Euler condition. There is neither extra discounting of the future nor habit-
like persistence. Heterogeneity matters at most for ς, the elasticity of aggregate
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consumption with respect to the real interest rate.
Part (ii) extends Corollary 3 to heterogeneity in MPC and business-cycle ex-

posure. Once again, incomplete information amounts to adding myopia and
habit-like persistence in the DIS curve. But now heterogeneity interacts with
information in shaping the magnitude of these distortions.

Part (iii) completes the picture by showing how exactly heterogeneity mat-
ters. An increase in the business-cycle exposure of the high-MPC group (and a
corresponding reduction in the business-cycle exposure of the low-MPC group)
translates to both more myopia and more habit-like persistence.

The basic logic behind this result was anticipated above. Its proof utilizes the
techniques developed in Section VIII. In the remainder of this section, we use a
numerical example to illustrate our findings.

B. Numerical Example

Figure 4 compares four economies. The first one corresponds to the textbook,
representative-agent benchmark. We refer to this benchmark as “Complete Infor-
mation” in the figure. The second economy is a variant of the first one that adds
habit persistence, of the type and magnitude found in the DSGE literature.27 We
refer to this economy as “Complete Info + Habit.” The remaining two economies
remove habit but add incomplete information. Both of them feature an average
MPC equal to m = .30, which is roughly consistent with the relevant evidence.
The one referred to as “Incomplete Info” in the figure, abstracts from heterogene-
ity; this is the economy described in Corollary 3. The other one, which is referred
to as “Incomplete Info + HANK” in the figure, adds heterogeneity: there are two
groups of consumers, with m1 = .55, m2 = .05, ϕ1 = 2, and ϕ2 = 0.28

Let us first compare “Incomplete Info” to “Complete Info + Habit.” This ex-
tends the lesson of the previous section from the inflation context to the con-
sumption context: the informational friction alone generates a similar degree of
sluggishness as that generated by habit persistence in the DSGE literature. Im-
portantly, whereas the degree of habit assumed in that literature is far larger than
that supported by micro-economic evidence (Havranek, Rusnak and Sokolova,
2017), the informational friction assumed here is broadly consistent with survey
evidence. This illustrates how our approach help merge the gap between the
micro and macro estimates of habit.

27In particular, we assume external habit and specify the per-period utility as log(Ct − bC̄t), where
Ct and C̄t denote, respectively, own consumption and aggregate consumption. In equilibrium, C̄t = Ct

and the log-linearized Euler condition reduces to the following low of motion of consumption:

ct = −
1− b

1 + b
rt +

1

1 + b
Et[ct+1] +

b

1 + b
ct−1.

We finally set b = .7, which is in the middle of the macro-level estimates reported in the meta-analysis
by Havranek, Rusnak and Sokolova (2017).

28For the incomplete-information economies, we target KCG = 0.9. This is in the middle of the range
of values Angeletos, Huo and Sastry (2021) estimate when they repeat the CG regression on forecasts of
unemployment, with the rationale being that unemployment is a proxy for the output gap in the model.
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Figure 4. Response of Consumption to Lower Interest Rates

Relatedly, if we consider an extension with transitory idiosyncratic income
shocks along the lines of Online Appendix Section ??, our economy can fea-
ture simultaneously two properties: a large and front-loaded response to such
shocks at the micro level, in line with the relevant microeconomic evidence; and
a dampened and sluggish response to monetary policy at the macro level, in line
with the relevant macroeconomic evidence. By contrast, if there was true habit
persistence in consumption of the kind and level assumed in the DSGE literature,
the micro-level responses would also be dampened and sluggish, contradicting
the relevant microeconomic evidence. This idea is pushed further, and is more
carefully quantified, in a recent paper by Auclert, Rognlie and Straub (2020).

Finally, let us inspect the economy “Incomplete Info + HANK.” Needless to
say, this economy is not meant to capture a realistic degree of heterogeneity: our
two-group specification is only a gross approximation to the kind of heterogeneity
captured in the quantitative HANK literature (e.g., Kaplan and Violante, 2014;
Kaplan, Moll and Violante, 2018)). Nevertheless, this economy helps illustrate
how such heterogeneity, and in particular the kind of positive cross-sectional cor-
relation between MPCs and income cyclicality documented in Patterson (2019),
can reinforce both the habit-like sluggishness and the myopia-like dampening gen-
erated by incomplete information.

C. Informational friction plus wealth dynamics

In the preceding analysis we used appropriate fiscal transfers to make sure
that the wealth distribution is not a state variable for the aggregate dynamics
and to nest the exercise into the analysis of Section VIII. We now shut down
these transfers and study how the endogenous dynamics of wealth matter both
in isolation and in combination with our mechanisms.
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Consider first the case with complete information and suppose again that there
are two groups, with only the high-MPC group being exposed to the business
cycle (ω1 < ω2 and ϕ1 > 0 = ϕ2), and consider a negative innovation in ηt. This
causes, in equilibrium, an expansion. But because only the first group’s income is
exposed to it, and because the income increase is less than permanent, this group
will try to save some of this increase, while the second group has no such incentive.
Along with the fact that the total saving of the two groups has to be zero, this
explains why the first group responds to the shock by saving and accumulating
wealth, whereas the second group responds by borrowing and accumulating debt.
But since the first group has a larger MPC, the accumulation of wealth by this
group helps increase aggregate spending in the future. This suggests that, even
with complete information, the wealth dynamics add persistence to the response
of aggregate demand to interest-rate shocks.
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Figure 5. Shutting Down the Fiscal Transfers

We verify this intuition in Figure 5 and proceed to show how this source of
persistence extends to the case of incomplete information, without however up-
setting, and indeed only reinforcing, our own message. This figure compares
the response of consumption to a negative (expansionary) interest rate shock
under four scenarios. Two of them replicate the complete-information and the
incomplete-information HANK cases from Figure 4. The remaining two show
how the results change when fiscal transfers are switched off and, equivalently,
the aforementioned wealth channel is switched on. Regardless of the information
structure, this channel adds persistence.29 The effect of the informational fric-
tion, which is our own focal point, is qualitatively the same whether the wealth
channel is present or not. Perhaps more interestingly, the two mechanisms rein-

29This channel also adds amplification. To focus on the persistence effects, in the figure we renormalize
the magnitude of the shock as we change the fiscal rule so that the complete-information response of
consumption on impact remains 1.
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force each other, yielding a much more pronounced hump-shaped response than
each mechanism alone.

VIII. Multivariate Systems, or Networks

We close the paper with the extension of our analytical results to multi-variate
systems, or networks. We already made implicit use of this extension in our
HANK application. Here, we fill in the details and develop tools that could aid
analytical and quantitative evaluations of how informational frictions and network
structures interact in a variety of applications.

The economy consists of n groups, each containing a continuum of agents.
Groups are indexed by g ∈ {1, ..., n}, agents by (i, g) where i ∈ [0, 1] is an agent’s
name and g her group affiliation (e.g., consumer or firm). The best response of
agent i in group g is specified as follows:

(27) ai,g,t = φgEi,g,t[ξt] + βgEi,g,t[ai,g,t+1] +

n∑
j=0

γgjEi,g,t[aj,t+1].

The parameter φg captures the direct, contemporaneous exposure of an agent in
group g to the exogenous shock, holding constant her expectations of both her
own future actions and the actions of others. The parameter {βg} captures the
additional, forward-looking, PE effect that obtains because of the consideration
of own future actions. Finally, the parameter {γg,j} captures the dependence of
the optimal action of an agent in group g to her expectation of the average action
of group j. This allows for rich strategic of GE interactions both within groups
(when j = g) and across groups (when j ̸= g).30

Turning now to the information structure, this is specified as a collection of
private Gaussian signals, one per agent and per period. The period-t signal
received by agent i in group t is given by

(28) xi,g,t = ξt + ui,g,t, ui,g,t ∼ N (0, σ2g).

where σg ≥ 0 parameterizes the noise of group g. Notice that, by allowing σg to
differ across g, we can accommodate information heterogeneity in addition to pay-
off and strategic heterogeneity. For instance, firms could be more informed than
consumers on average, and “sophisticated” consumers could be more informed
than “unsophisticated” ones.

Let at = (ag,t) be a column vector collecting the aggregate actions of all the
groups (e.g., the vector of aggregate consumption and aggregate inflation). Let

30Like our baseline framework, the extension considered here rules out the dependence of an agent’s
best response on the concurrent choices of others. This, however, is without serious loss of generality
for two reasons. First, in all applications of interest, this dependence vanishes as the length of the time
period goes to zero. Second, if we incorporate a general form of such dependence by adding the term∑

j αg,iEi,j,t[ai,j,t] in equation (27), the results stated below, namely Propositions 10 and 11, continue
to hold, modulo a minor adjustment in the cubic that appears in condition (29).
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φ = (φg) be a column vector containing the value of φg across the groups. Let
β = diag {βg} be a n × n diagonal matrix whose off-diagonal elements are zero
and whose diagonal elements are the values of βg across groups. Finally, let
γ = (γgk) be an n × n matrix collecting the interaction parameters, γgj , and let
δ ≡ β + γ. Similarly to Section II, we impose that βg ∈ (0, 1) and the spectral
radius of (I − β)−1γ is less than 1. The following extensions of Propositions 2
and 3 are then possible.

PROPOSITION 10 (Solution): There exists a unique equilibrium, and the ag-
gregate outcome ag,t of each group g is given by

(29) ag,t =
n∑
j=1

ψg,j

{
1− ϑj

ρ

1− ϑjL
ξt

}
,

where {ψg,j} are fixed scalars, characterized in Online Appendix Section ??, and
{ϑg} are the inverse of the outside roots of the following polynomial:
(30)

C(z) = det

(
(δ − γ − Iz) diag

{
z2 −

(
ρ+

1

ρ
+

1

ρσ2g

)
z + 1

}
− z diag

{
1

ρσ2g

}
γ

)
.

PROPOSITION 11 (Observational Equivalence): There exist matrices ωf and
ωb such that the incomplete-information economy is observationally equivalent to
the following complete-information economy:

(31) at = φξt + ωfδEt[at+1] + ωbat−1.

One subtlety with representation (31) is that it is not unique: there are mul-
tiple values of the matrices ωf and ωb that replicate the incomplete-information
equilibrium. Intuitively, it is possible to make agents myopic vis-a-vis the future
by letting them discount enough either only their own group’s future actions, or
the future actions of other groups too.31 This complicates the interpretation and
the comparative statics of the provided representation but is of little substantial
consequence: although the representation in terms of condition (31) is not unique,
the equilibrium itself is determinate, and so are its observable properties, which
can be directly obtained from Proposition 10.

Proposition 10 is indeed quite telling. It shows that the equilibrium outcome
can now be expressed as a linear combination of n terms, each of which is an
AR(2) process that has a similar structure as in our baseline analysis. The one
root of these processes is the same across g and is given, naturally, by that of the
fundamental. The other root, denoted above by ϑg, encodes how the information

31Indeed, both of the following two choices are possible: let ωf have unit off-diagonal elements, meaning
that a distortion is applied only to expectations of own-group future outcomes; or let the elements of
each row of ωf be the same, meaning that the same distortion is applied to all expectations. If one of
these choices is made, there is no residual indeterminacy.
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friction faced by group g interacts with the network structure of the economy.
In the knife-edge case in which γ is diagonal, meaning that the behavior of

each group is independent of that of other groups, each ϑg is pinned down by the
characteristics of group g alone and the outcome of that group is given by the
corresponding AR(2) process alone (ψg,j = 0 for j ̸= g). For generic γ, instead,
each ϑg depends on the entire β and γ matrices, that is, on all the PE and
GE parameters, as well as on all the information parameters. Furthermore, the
outcome of a group depends on all the n different AR(2) processes.

To illustate how the network structure matters, let β = 0 and σg = σ for
all g. In this case, we show in Online Appendix Section ?? that the polynomial
given in condition (30) reduces to the product of n quadratics, one for each
ϑg. Furthermore, each ϑg is determined in the same manner as in our baseline
analysis, namely as the reciprocal of the largest solution of cubic (17), with the
g-th eigenvalue of the matrix γ in place of the scalar γ. Because the eigenvalues
of γ encode the GE feedback both within and across groups, we have that an
increase in either kind of feedback maps to a higher ϑg and, thereby, to both less
amplitude and more volatility. The essence of our baseline analysis is thus fully
preserved.

Finally, note that the results presented here not only offer a robustness of our
main insights to multi-variate systems and networks, but also a straightforward
numerical algorithm: one only needs to solve the polynomial in condition (30).

IX. Conclusion

We developed a toolbox for analyzing and quantifying the equilibrium effects
of informational frictions and of the associated higher-order uncertainty. We
represented these effects as the combination of two behavioral distortions: a form
of myopia, or extra discounting of the future; and a form of habit, or anchoring of
current behavior to past behavior. We further showed how these as-if distortions
increase with the strength of the underlying strategic interaction or GE feedback,
and how they can be disciplined with available evidence on expectations. And
we used these results to argue that the friction implicit in survey evidence of
expectations is large enough to generate a comparable amount of sluggishness in
the dynamics of inflation and aggregate spending as that captured in the DGSE
literature with more ad hoc modeling devices.

While connecting the theory to the available evidence on expectations, we clar-
ified which such evidence is best suited for the purpose of quantifying the dis-
tortions of interest: it is evidence on average forecasts, such as that provided in
Coibion and Gorodnichenko (2015), as opposed to evidence on individual fore-
casts, such as that provided in Bordalo et al. (2020) and Broer and Kohlhas
(2019). Left outside this paper was a more comprehensive investigation of the
lessons contained in surveys of expectations for macroeconomic theory.

We undertake this task in a follow-up paper (Angeletos, Huo and Sastry, 2021).
There, we use a variety of existing evidence along with new evidence of our own
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to argue that, among a large set of candidate theories, the one that best accounts
for the joint dynamics of inflation, aggregate spending and forecasts thereof in
the US is a theory that blends two frictions: incomplete information or rational
inattention, as in the present paper and the literature we have built on; and
over-extrapolation, as in Greenwood and Shleifer (2014) and Gennaioli, Ma and
Shleifer (2015). This points in the opposite direction than cognitive discounting
and level-k thinking, two close cousins of under-extrapolation, but leaves room
for the kinds of myopia and anchoring accommodated via our approach.

Another element of our contribution was to extend our tools to multi-variate
systems and networks. We illustrated the use of these extended tools within
a HANK economy. Other possible applications include production networks,
whether in the context of the NKPC (La’O and Tahbaz-Salehi, 2020; Rubbo,
2020) or in the context of the RBC framework (Acemoglu et al., 2012; Baqaee
and Farhi, 2019; Nimark, Chahrour and Pitschner, 2019), as well as dynamic ex-
tensions of the more abstract incomplete-information networks studied in Berge-
mann, Heumann and Morris (2017).
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