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Abstract

High-inflation episodes often feature confusion about the source of aggregate shocks.
We develop a theory of this confusion. Agents observe noisy signals about output
and inflation and may confuse demand and supply shocks. When inflation is more
informative, agents tend to interpret high inflation as signal of both adverse supply
and strong demand. This confusion amplifies the inflation response to true supply
shocks and dampens the expected-output response to true demand shocks. Estimating
the model before and after 1990 reveals a shift from an inflation-signal-dominant to an
output-signal-dominant regime, helping explain stronger pre-1990 inflation responses
to supply shocks, the flattening of the Phillips curve, and the supply-side view in
expectations.

1 Introduction

U.S. CPI inflation rose from 1.3 percent in 2020Q4 to 9.0 percent in 2022Q2, the sharpest
two-year increase since 1979, despite three decades of evidence that the Phillips curve had
flattened. The surge was accompanied by pervasive uncertainty among firms, households,

economists, and policymakers about its underlying source. Two prominent diagnoses
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illustrate the debate: some attributed the rise mainly to excess demand, while others (Bernanke
and Blanchard, 2023) emphasized the role of supply-chain disruptions.! Lawrence Summers
captured this confusion succinctly: “I'm not sure we would have today’s inflation without the
pandemic, and I'm not sure we would have it without the overwhelming stimulus we applied.” Such
confusion is not unique to the pandemic era. During the Great Inflation of the 1970s, Federal
Reserve Chair Arthur Burns attributed rising prices to “special factors” such as oil, harvest
failures, and the removal of price controls, whereas later work emphasized accommodative
monetary policy (Clarida et al., 2000). In both episodes, inflation surged precisely when
observers disagreed over whether the underlying force was demand or supply.

This paper argues that confusion between aggregate shocks is central to inflation
dynamics. Agents learn from aggregates such as unemployment, CPI inflation, and salient
prices for food and oil. But the same observed movement can arise from different structural
shocks. Inflation, for example, may rise because demand is strong or because supply is
impaired. It is therefore natural for agents to confuse shocks across sources. This differs
from canonical information-friction models, where agents are typically uncertain about
the magnitude of a single shock. Here, agents are uncertain about both the size and the
source of the shock they are observing. Confusion can amplify responses, rather than
the standard dampening effect. Quantitatively, we find confusion helps explain stronger
pre-1990 inflation responses to supply shocks, the flattening of the Phillips curve, and the
supply-side view in expectations.

We first develop a theory of confusion between demand and supply shocks. Agents
do not observe structural shocks directly; instead, they infer them from noisy endogenous
outcomes, such as output and inflation. Output loads positively on both demand and
supply, while inflation loads positively on demand but negatively on supply. This creates
an identification problem: high output may reflect either strong demand or strong supply,
and high inflation may reflect either strong demand or weak supply. We define confusion

as the cross-loading of beliefs about one shock on the other. Its sign depends on relative

!Prominent observers revised their views as new evidence accumulated. Paul Krugman later described
his early-2021 “Team Transitory” view of the $1.9 trillion American Rescue Plan as “a very bad call.” Treasury
Secretary Janet Yellen likewise stated that she had been “wrong about the path inflation would take,” pointing to
unanticipated energy shocks and supply bottlenecks she “didn’t fully understand.”



signal informativeness. When inflation is more informative, agents interpret demand-driven
inflation partly as adverse supply, generating negative confusion. When output is more
informative, agents interpret supply-driven output partly as demand, generating positive
confusion. The magnitude of confusion is non-monotone in signal precision: it vanishes
when both signals are perfectly precise or completely uninformative, and it is largest when
agents learn from only one informative signal.

We then show that confusion has distinctive implications for higher-order beliefs. Unlike
standard dispersed-information models, where higher-order beliefs become increasingly
anchored to the prior and therefore respond less to aggregate shocks, higher-order confusion
can rise with the order of beliefs. Suppose, for instance, that inflation is the more informative
signal. Each agent then expects others to rely relatively more on inflation than on output to
learn about the economy, so higher-order beliefs become increasingly centered around the
inflation signal. As a result, agents can become more confused about how others interpret
demand and supply than they are about the shocks themselves.

Finally, we characterize when learning over time corrects confusion. Learning eliminates
confusion only when later observations give agents new information that helps distinguish
demand from supply. With two informative signals, agents can gradually separate demand
from supply. With only one informative signal, later observations reveal the same mixture
of shocks, so confusion persists. This logic matters for inflation dynamics: when one signal
is much more precise than the other, confusion can persist.

We then embed confusion in a stylized New Keynesian model. With confusion, shock
responses are not separable: beliefs about demand and supply must be solved jointly. When
inflation is the more informative signal, firms interpret a positive supply shock partly as
weak demand. This lowers expected inflation and perceived real marginal cost, amplifying
the disinflationary effect of supply shocks. The same information structure also shapes
expectations about demand shocks. Firms interpret demand-driven inflation partly as
adverse supply, so expected output can respond little, or even negatively, to demand shocks
despite a rise in actual output. Thus, expectations of output may appear supply-driven

even when realized output fluctuations are mostly demand-driven, consistent with survey



evidence (Candia et al., 2023a). In contrast, when output is more informative, the sign of
confusion reverses, which can make positive supply shocks less disinflationary.

Confusion introduces a new general-equilibrium channel. In canonical incomplete-
information models, information frictions mainly generate GE attenuation: GE feedback is
dampened because agents place less weight on the shock and more weight on the prior in
their higher-order beliefs (Angeletos and Lian, 2023). Here, confusion adds cross-shock GE
feedback. It changes the direction, not only the magnitude, of equilibrium responses. Since
agents place weight on the wrong shock in their beliefs, the partial-equilibrium response
to one shock feeds into the general-equilibrium response to the other. Therefore, the GE
teedback can be even larger than the full-information case.

We quantify the model using real-time U.S. macroeconomic data and survey expectations
from the Survey of Professional Forecasters. The sample runs from 1969Q3 to 2019Q4 and
is split into pre-1990 and post-1990 periods. We calibrate standard preference, technology,
and policy parameters, and estimate four key variance parameters: demand-shock variance,
supply-shock variance, inflation-signal noise, and output-signal noise. The estimates show
a sharp decline in both demand and supply volatility after 1990. More importantly, they
reveal a change in the information environment. Before 1990, the inflation signal is much
more precise than the output signal, generating an inflation-signal-dominant regime and
negative confusion. After 1990, the output signal becomes relatively more informative,
shifting the economy toward an output-signal-dominant regime and positive confusion.

Confusion explains why expectations move so much. We invert realized output and
inflation through the estimated model to recover demand and supply shocks, then feed these
shocks back through the model to generate expectations. The model matches expectation
dynamics while preserving a large output response to demand shocks. This combination is
difficult in canonical one-shock incomplete-information models: weak information about
demand is needed to generate large output movements, but it also makes expectations
move too little. Confusion resolves the tension. Agents can have limited information about
demand shocks and still form volatile expectations because they misattribute movements to

supply shocks, which the literature calls “supply-side view” of aggregate fluctuations.



The historical decomposition further clarifies the “supply-side view” of expectations.
Before 1990, demand shocks account for about 40% of realized output fluctuations, but
expected output is almost entirely supply driven. Supply shocks also explain nearly all
variation in realized and expected inflation. This occurs because agents learn mainly from
the precise inflation signal, and negative confusion leads them to infer adverse supply
shocks, which dampens the expected-output response to demand shocks.

The impulse responses reveal that supply shocks generate stronger responses before
1990 due to stronger own-shock perception and negative confusion. Moreover, the slope of
the Phillips curve is flattened by 60% after 1990. The key difference in these two samples is
the sign of perceived supply: before 1990, negative confusion raises expected inflation and
strengthens the inflation response; after 1990, positive confusion lowers expected inflation
and weakens the inflation response.

Finally, using the pre-1990 estimates, we study a more accommodative monetary-policy
rule. The counterfactual reveals an amplification loop between lenient policy and inflation
through a new confusion channel. A weaker response to inflation makes a demand shock
generate larger price movements; because inflation is precisely observed in the pre-1990
regime, agents infer both a larger demand shock and stronger cross-shock confusion.
Both channels further raise inflation responses to both demand and supply shocks. Thus
accommodative policy amplifies inflation not only directly, but also by distorting inference

about the source of shocks.

Literature This paper contributes to three related literatures. First, it contributes to the
literature on information frictions, monetary non-neutrality, and business-cycle dynamics
(Lucas, 1972; Mankiw and Reis, 2002; Beaudry and Portier, 2006; Mackowiak and Wiederholt,
2009; Hellwig and Venkateswaran, 2009; Angeletos and La’o, 2010; Nimark, 2014; Melosi,
2017; Rondina and Walker, 2017; Chahrour and Jurado, 2018; Angeletos and Huo, 2021;
Huo and Pedroni, 2023; Pfauti, 2023; Huo et al., 2024; Huo and Takayama, 2025). Existing
work studies how noisy information attenuates responses to aggregate shocks or generates
sluggish adjustment. We emphasize a different mechanism: with multiple aggregate shocks,
information frictions can make agents confuse one shock for another. This cross-shock

confusion changes both the magnitude and the sign of equilibrium responses.



Second, the paper contributes to the empirical literature on macroeconomic expectations
(Mankiw et al., 2004; Coibion and Gorodnichenko, 2015; Malmendier and Nagel, 2016;
Cavallo et al., 2017; Coibion et al., 2018b,a; Nakamura and Steinsson, 2018; Coibion et al.,
2020; Bordalo et al., 2020; D’Acunto et al., 2021; Angeletos et al., 2021). Recent evidence
shows that attention to inflation varies across regimes and rises when inflation is high (Weber
et al., 2023). We show that the relative informativeness of inflation and output signals is
crucial for how agents interpret macroeconomic fluctuations. Although the model does not
endogenize information acquisition, estimating it separately across inflation regimes shows
that shifts in information environment change both the sign and magnitude of confusion.
This mechanism helps resolve puzzles in the survey evidence, such as the supply-side view
documented by Candia et al. (2023b). Our paper is complementary to (Kamdar et al., 2018)
and (Kamdar and Ray, 2024), who study the optimal attention problem and show that
liquidity-constrained consumers optimally pay greater attention to supply shocks because
they are more exposed to them, generating a supply-side view of the economy. We instead
study how confusion about the source of aggregate shocks reshapes inflation dynamics,
producing strong supply-shock inflation responses and a flatter Phillips curve.

Third, we relate to the literature on Phillips curve flattening (Stock and Watson, 2019;
Jorgensen and Lansing, 2019; Negro et al., 2020; McLeay and Tenreyro, 2020; Afrouzi and
Yang, 2021; Barnichon and Mesters, 2020; Hazell et al., 2022; Pfauti, 2023). Our model
provides a new explanation for the flattening of the Phillips curve through confusion. Before
1990, negative confusion raises the inflation response to demand shocks because firms partly
interpret them as adverse supply shocks and supply shocks drive large inflation response.
The quantification also shows that lenient monetary policy amplifies negative confusion,

further steepening the Phillips curve.

Outline. Section 2 develops a general theory of confusion in partial equilibrium. Section 3
embeds the mechanism in a simple New Keynesian model and characterizes its general-
equilibrium effects. Section 4 presents the quantitative model. Section 5 brings the model to

the data and reports the main quantitative results. Section 6 concludes.



2 A Theory of Confusion

We begin with a signal-extraction problem that isolates confusion in partial equilibrium.
When agents infer structural shocks from endogenous aggregates, their beliefs may load
on the wrong shock. We call this cross-loading confusion. This section defines confusion,
characterizes its sign and magnitude, and studies how it propagates through higher-order
beliefs and learning dynamics. The next section embeds this inference problem in a New
Keynesian model, where beliefs affect output and inflation and therefore feed back to the
signals agents observe.

Agents do not observe aggregate shocks directly. Demand and supply shocks have
distinct implications for output and inflation: in the standard New Keynesian framework, a
positive demand shock raises both output and inflation, whereas a positive supply shock
raises output but lowers inflation. To isolate the source of confusion, we focus on two

signals: an output signal and an inflation signal?,
X} = Wystty + Wyt + €4, X = —Wnsy + WPt + €, (1)

where all w’s are strictly positive. The coefficients wys and wps are the responses of output
and inflation to a unit supply shock, while w,; and w;; are their responses to a unit
demand shock. The aggregate shocks follow Gaussian and have variances 07 and 02. The
noise terms satisfy €/, ~ A(0, (75) and €7 ~ N(0,0%). Signal noises are independent
across agents, signals, and are independent of aggregate shocks. The negative sign on
wnrs captures the disinflationary effect of a positive supply shock. It is important to notice
that when both ¢, and ¢ converge to zero, agents can recover both structural shocks
exactly: the two observed signals provide two independent equations for the two unknown
shocks. Confusion therefore arises only when signals are noisy that agents cannot perfectly
disentangle demand from supply.

This structure is the most parsimonious way to capture confusion between aggregate

demand and supply shocks. A high output signal can reflect either low cost or strong

2Agents may observe additional signals, such as unemployment, wages, or sectoral output. In this two-
shock environment, however, such signals amount to different rotations of output and inflation. We therefore
work with the minimal two-signal structure.



demand. A high inflation signal can reflect either strong demand or high cost. Thus, the
same observed aggregate movement may be attributed to different structural sources. At
this stage, it is immaterial whether signal loadings are endogenous impulse responses or
exogenously given loadings; the goal is only to characterize belief formation under this

signal structure.

Proposition 1 (Confusion in Belief Formation). Given the signal structure in (1), the projection

from aggregate shocks to average beliefs is

Eﬁ:Pﬁ:DdCﬁ

Ea a C D a

where C is the confusion term and D4, Ds < 1. Moreover,

1 1
C x pwyda)ys — ;wﬂdwm. (2)
y T

where the omitted proportionality factor is strictly positive.

7

This proposition establishes that, under the signal structure described in (1), firms
confusion C is generally nonzero. Importantly, the sign of confusion is determined by the
relative informativeness of both signals, given by the product of signal loadings weighted by
the signal noise. Intuitively, if inflation responds more to shocks (i.e., if w4, wxs are large),
inflation contains more information and agents will learn more from it. Since an increase in
inflation can be due to either a positive demand shock or a negative supply shock, learning
more from inflation leads agents to confuse a negative supply shock with a positive demand
shock, i.e., C < 0.

Conversely, if output is more responsive to shocks (i.e., if w4, wys are large), agents will
extract more information from output. In this case, an increase in output can be due to either
a positive demand shock or a positive supply shock, so learning more from output leads

agents to confuse a positive supply shock with a positive demand shock, i.e., C > 0.



2.1 The Magnitude of Confusion

Confusion is strongest neither when signals are perfectly precise nor when they are
entirely uninformative. It is strongest when signals are informative enough to move beliefs

but insufficient to identify the two shocks separately.

Proposition 2 (Magnitude of Confusion). Fix the relative noise ratio p = 05 /02 and parameterize

(75 = o7, 02 = T. Define p* = ¥ Then if p < p*, then C > 0 and first increases then

WrdWrrs

decreases in T. If p > p*, then C < 0 and first decreases then increases in T. In addition,

IimC = lim C =0.

7—0 T—00
Moreover, holding oy fixed, C increases with o; and holding o fixed, C decreases with oy

When both signals become perfectly precise, agents identify demand and supply shocks
exactly, so confusion vanishes. When both signals become infinitely noisy, agents extract no
useful information, and the entire projection matrix converges to zero. Between these limits,
the magnitude of confusion is non-monotonic in signal precision: it peaks at an intermediate
level of precision while keeping the ratio of the variances of noise the same.

In the second part, we consider a different form of monotone comparative statics
which follows directly from the sign formula (2). Increasing ¢, makes inflation less
informative relative to output, moving beliefs toward output-based inference and increasing
C. Increasing 0, makes output less informative relative to inflation, moving beliefs toward

inflation-based inference and decreasing C.

Corollary 1 (Maximal Confusion). The maximal positive confusion obtains when output is

perfectly precise and inflation is uninformative:

max — 2 2 2 2 .
0Fwy 4+ OFwWys

The maximal negative confusion obtains when inflation is perfectly precise and output is uninforma-

tive:

min — = "5 95 2 o
T Wi + 05wy

9



In the symmetric case, with s = 04 and unit loadings,

/2 1/2
Corollary 1 sharpens the intuition of Proposition 2 by identifying the boundary cases
where confusion attains its maximal magnitude. It shows that maximal confusion occurs
when agents learn from only one informative direction. If output is the only useful signal,
agents observe the sum of demand and supply movements and attribute half of the variation
to the wrong source in the symmetric case. If inflation is the only useful signal, agents
observe the difference between demand and supply movements, producing confusion with

the opposite sign.

2.2 Higher-Order Confusion

We next study higher-order confusion: agents’ beliefs about other agents” confusion. We
follow the tradition of the literature on higher-order beliefs (Morris and Shin, 2002) and
(Angeletos and Lian, 2023). In our setting with multiple shocks, this requires separating the

direction of confusion from its strength in higher-order beliefs.

Lemma 1 (Spectral Representation of Confusion). The projection matrix P is symmetric and

positive semidefinite. Let
_ T T
P = A019; + A000,, 0< A <A <1

Suppose

X H Z ~H
010, = , Vv, =

Bz KX

The term y is the eigen-confusion. Then
C= (Al - /\2)]1.
For fixed w and shock process, y is constant for a fixed noise ratio o,/ .

10



This representation separates the direction of confusion from its strength. The eigen-
confusion y determines the direction of the rotation of the projection matrix P. The
eigenvalue gap A; — A determines how strongly information loads on that direction. For
given signal weights and shock processes, the direction y is pinned down entirely by the
relative noise ratio of the two signals. If both signals become noisier while their relative
precision is unchanged, the direction of confusion remains fixed and only the eigenvalue
gap changes. This decomposition is useful for higher-order beliefs because belief iteration

changes eigenvalues but not eigenvectors.

Proposition 3 (Higher-Order Confusion). Let s = (B,a) ", define E's = Es, and recursively
define E"s = E(E"'s). Then

E's = Pls.

The associated higher-order confusion is
Ci = (Af = A

For given w, shock process, and finite signal noises, |Cy,| is generally non-monotone in the order of

beliefs: it first increases and then decreases with h.

The higher-order beliefs differ sharply from canonical incomplete-information models.
There, higher-order beliefs become increasingly anchored to the prior and therefore respond
less to aggregate shocks. Here, agents may become more confused about how others
interpret demand and supply than they are about the shocks themselves. The reason is
relative signal strength. As belief order increases, agents put less weight on both signals in
absolute terms, but the less informative signal is discounted faster. Beliefs therefore become
increasingly tilted toward the more informative signal, widening the effective eigenvalue
gap and strengthening confusion. At sufficiently high orders, however, the overall loss
of information dominates: both eigenvalue components decay, and confusion eventually

dissipates.

Corollary 2 (Public-Signal Limit). In the limiting case in which one signal becomes perfectly

precise, higher-order confusion becomes monotone. If oy — 0 or 05x — 0, then |Cy,| increases with h.

11



Figure 1: Higher-Order Confusion
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Corollary 2 shows that the non-monotonicity in Proposition 3 disappears when one
signal becomes perfectly precise. In that limit, the dominant eigenvalue converges to one.
The signal is effectively public, so the dominant eigenvalue of higher-order beliefs no longer
decays. As a result, higher-order confusion persists and converges to the maximal confusion
associated with the single informative direction.

Figure 1 illustrates the behavior of higher-order confusion. The left panel varies the
noise in the inflation signal and fixes other parameters. The right panel varies the noise in
the output signal. In both cases, any order of confusion is largest when one signal is nearly
perfectly precise and declines as that signal becomes noisier, consistent with Proposition 2.
The figure further shows that higher-order confusion is generally hump-shaped in belief
order, as in Proposition 3. Moreover, higher-order confusion can be much larger than

tirst-order confusion, especially when one signal is more informative than the other.

2.3 Dynamic Learning and Confusion

We first consider a symmetric shock process, in which demand and supply shocks
have the same persistence and innovation variance. This case isolates the role of signal

dimensionality: dynamics alone do not help agents distinguish demand from supply.
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Learning corrects confusion only when both signals are informative. We then use simulations
to show how the result changes when the two shocks have different persistence.

Let shocks follow s; = ps;_1 + u;, where u; ~ N (0,0%) and s; = (,Bt,at)T. Each period,
agents observe signals as in (1). Let K denote the Kalman gain. The standard Kalman filter

implies

ESt = (I — KH)FESt_l + KHSt,' (3)

D; C w w
KH=| * ;o H=|¥ "), F=obL
C D Wrd —Wrs

Proposition 4 (Belief Dynamics). Average beliefs evolve as

where

EBt = p(1—Dy)EBi—1+ DyBt + C (a; — pEa;_1),

Ea; = p(1 — Ds)Ea;_1 + Dsay + C (Bt — pEBi—1) -

Proposition 4 extends the static projection in Proposition 1 to a dynamic learning
environment. The belief about each shock contains three components. The first component
is the carryover of the agent’s own prior belief. For example, past beliefs about demand
enter current demand beliefs through p(1 — D;)EB;_1. This is the standard Kalman-filter
updating term. The second component is the contemporaneous signal extraction from the
true shock itself. The terms D;f; and Dsa; measure how much current beliefs load on the
current realization of the corresponding structural shock.

The third component is confusion. In the static model, beliefs about demand load directly
on the supply shock through Ca;, and beliefs about supply load directly on the demand
shock through Cp;. In the dynamic model, however, agents do not confuse the entire level of
the other shock. They confuse only the part of the other shock that is not already predicted
by their previous belief. Thus demand beliefs load on C (a; — pEa;_1), and supply beliefs
load on C (B¢ — pEB;_1) - Therefore, learning corrects confusion because agents use their
past estimate of the other shock to undo part of the current cross-loading. This is why

confusion can fade over time when both signals are informative.
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Figure 2: Belief Dynamics
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Notes: Panel A shows belief dynamics and true shocks when both shocks have persistence 0.8 and unit variance. Panel B shows the
case with pg = 0.95 and p, = 0.8. The left column makes the inflation signal uninformative. The right column makes both signals
informative, with output more informative than inflation.

The self-correction mechanism fails when learning is effectively one-dimensional. If only
one signal is informative, agents never observe the other signal. Then past beliefs cannot

be used to disentangle the two structural shocks; they only propagate the same mistaken

direction forward. In that case, confusion persists rather than being corrected.

Corollary 3 (Permanent Confusion). If the inflation signal is uninformative, then

X1

Eﬁt = Eﬂt =

1
21 —p(

1—0(1

)L(IBt + af)'

where scalar «q € (0,1). If the output signal is uninformative, then

X1

Eﬁt = —Eat =
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Figure 2 illustrates the dynamic mechanism. In all panels, a unit supply shock occurs
at time zero, with no subsequent shocks. Panel A shuts down the inflation signal. Beliefs
about demand and supply then move together, as in Corollary 3. Panel B restores the second
signal, which breaks this comovement. Contemporaneous confusion makes Epf; initially
positive, but less so than in the one-signal case. Learning then quickly corrects the mistake:
EB: decays rapidly, while Ea; converges to the true supply process.

Panel B considers unequal persistence, with p; = 0.95 > p, = 0.8. With only one
informative signal, confusion increases further over time—perceived demand exceeds
perceived supply, and Ea; turns negative. With two informative signals (bottom-right), the
results are similar to the symmetric case. When demand is less persistent, then even one
informative signal can eventually separate the shocks, as the demand impulse responses
fade quickly and the remaining variation is then attributed to supply.

In sum, one-signal learning allows confusion to persist, whereas two-signal learning
corrects it. The distortion is particularly severe when agents misattribute a shock to a more

persistent structural shock.

3 A New Keynesian Model with Confusion

We now ask how confusion changes inflation dynamics. We embed the signal-extraction
problem from Section 2 into a simple New Keynesian model. The key departure is that firms
are no longer passive econometricians: they use noisy information to set prices. This section
connects the theory above to two applied lessons. First, in an inflation-signal-dominant
regime, confusion can generate large inflation responses to supply shocks. Second, confusion
can make expectations appear supply-driven even when realized output fluctuations are
largely demand driven. These forces are disciplined quantitatively in Sections 4 and 5; here
we isolate them in a simple New Keynesian environment.

The timeline is as follows: In each period, Nature first draws aggregate demand and
supply shocks and idiosyncratic signals. In the morning, firms set prices. Firms set a pricing

schedule conditional on the output and inflation information they will observe.® In the

3This specification is similar to the pricing schedule in Vives (2017), which in turn provides one micro-
market structure for Grossman and Stiglitz (1980).
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afternoon, households make labor supply and consumption-saving decisions. Firms hire

labor and produce to meet demand. Finally, goods and labor market clear.

Information Structure. Firms’ pricing decisions determine the inflation and output signals
from which they learn. We therefore distinguish exogenous from endogenous information.
With exogenous information, signal loadings are fixed; with endogenous information,
equilibrium responses determine the informativeness of the signals themselves, creating a
tixed point between beliefs and outcomes. We first study the exogenous case to isolate the
mechanism, and then impose the endogenous-information restriction in Section 3.2.
Solving a fully dynamic general-equilibrium model with incomplete information is
complicated by higher-order beliefs: firms must reason not only about the aggregate state,
but also about how other firms interpret it (Townsend, 1983). To isolate the main mechanism,
we impose a one-period information friction. In period t, firms observe noisy signals about
the current aggregate state. From period t + 1 onward, the aggregate shocks become publicly

observed. Formally, firm i’s information set at time ¢ is
_ y
Iit - {xitl Xitr Qit, At —1, ﬁt—l/:z:i,t—l }

The assumptions of one-period confusion, fully informed households, and exogenous signal

will be relaxed in the quantitative model in Section 4.

Household. The representative household is infinitely lived. It consumes the final good,
supplies labor, and trades a risk-free nominal bond in zero net supply. The log-linearized

Euler equation and labor-supply condition are

1 .
Yt = Yty1 — ;(lt — 1) + Bt (4)

nny = —oyy + wy — py (5)

Here y; is aggregate output, which equals aggregate consumption in equilibrium; 7r; =
pt — pi—1 is inflation; p; is the aggregate price index; i; is the nominal interest rate; n;

is aggregate labor; w; is the nominal wage; ¢ is the inverse intertemporal elasticity of
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substitution; and 7 is the inverse Frisch elasticity of labor supply. The demand shock follows

Bt = paPi—1 + uf, where uf ~ N'(0,02). An increase in B; raises current demand.
Monetary Authority. The monetary authority follows the Taylor rule, i; = ¢7r;.

Firms. The setup of firms draws heavily from Woodford (2003). The final consumption
good is consisted of a continuum of differential goods aggregated with CES, i.e., C; =
fo C d j, implying the demand curve for each good Cj; = (P )~¢Ct, where P; is the price
mdex defined as P; = fo P1 “dj) . Each variety is produced by a monopolistic firm with
the production function Yj; = A;N ilt* . The decreasing return to scale gives rise to strategic
complementarity. Firms are subject to both aggregate and idiosyncratic productivity shocks,
ie, ay = pq,a; + €j;, where € follows N(0,02) and a; follows a; = psa;_1 + €s where
es ~ N(0,02).

Firm i sets price P;; to maximize profit conditional on its information set period by period.

At date t, firm i’s problem is,

u'(Cy)

max  [E;( (PiYit — WiNjt))

Py, Yit,Nit

Py _
st Y= (5) Vi Yi= AuNj "

where U'(Cy) is the marginal utility of consumption, and Nj; is the labor hired. The log-

linearized optimal pricing condition is
1 1-—
pit = Eit [(P (Pt + gyt) +(1— qv)Wt} - ﬁﬂit, (6)

where
o a/(1-w)
Ca/(1—a)+1/¢

As in Woodford (2003), firms must forecast both the intercept of its demand curve, p; + %yt,
and the nominal wage. The intercept captures strategic complementarity: a higher aggregate
price level or stronger aggregate demand raises the price a firm can charge for a given

quantity sold. The nominal wage appears in expectation because firms do not know the
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wage before setting prices. In the afternoon, firms will hire labor to clear the demand for
their goods at the market-clearing nominal wage.
The log-linearized labor demand is n;; = ﬁ (vit — ajt). Integrate it out and combine it

with labor supply condition in equation (5), we obtain the labor market clear condition,

Wt — pr ZUytJr%(}/t—ﬂt) (7)

Firms understand that goods and labor markets clear in equilibrium. Substituting (7)
into the pricing condition (6), aggregating across firms, and normalizing p;_; = 0, so that

it = py, yields the aggregate pricing equation

mtp = By (70 + Yyye) — a (nEray +ay), (8)
where
1—
¢y=§+( —¢) (UJF%)f Yo = 1_Z~

Equation (8) shows that inflation is driven by three forces: firms” expectations of other
firms’ prices, expected real wage, and actual aggregate productivity, which is the result of

integration of individual productivity.

3.1 Confusion in General Equilibrium

Canonical macroeconomic models typically study the equilibrium responses to each
aggregate shock in isolation. With confusion, however, the responses to one shock depends
on the equilibrium responses to the other. The two impulse responses must therefore be
solved jointly. The following proposition characterizes the joint impact responses of inflation
and output to unit demand and supply shocks. Let Z; denote the response of variable z to a

unit demand shock S, and let Z; denote the response to a unit supply shock a;.
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Proposition 5 (System of Equations). The joint responses {7z, 7ts, 4, Js } solve

7tg = (1= Da) " [yDafia + C (s + ¥y¥s) — n$aC] ,
fts = (1—Ds) ™" [y Dsiis + C (7 + $yJa) — 1¥aDs — Ya]
¥a = —gﬁrd + Fy,

ys - _gﬁs + Fs;

o p—1
where Fy = ﬁ, F=(1 +17)$—ypa$_pﬂ.

The demand-side equations have a standard interpretation. The term — ;i; ftj, forj € {d,s},
captures the effect of the contemporaneous real interest rate on consumption. The terms
F; and F; summarize expected future output and inflation. Because households are fully
informed and know that today’s shocks become common knowledge from period ¢ + 1
onward, F; and F; are computed from the next-period full-information equilibrium. The
term F; is positive because a positive supply shock raises the real wage, which outweighs
the decline in inflation.

The key departure from standard incomplete-information models is that the two impulse
responses are jointly determined. When C = 0, the cross-shock terms vanish, the system
decouples, and the model reduces to a benchmark incomplete-information economy with
only expectation attenuation through D; and D, as in Woodford (2003) and Angeletos and
La’o (2010). When C # 0, by contrast, the pricing response to each shock inherits part of the
equilibrium response to the other.

Confusion operates through two cross-shock channels. The first is an expected-inflation
channel. Because prices are strategic complements, firms respond to supply-driven inflation
after a demand shock, C7t;, and to demand-driven inflation after a supply shock, C7;.
The second is an expected-marginal-cost channel. After a demand shock, firms partially
interpret the shock as supply-driven, generating the term C(¢,7s — n7¢,). After a supply
shock, firms partially interpret the shock as demand-driven, generating Cip, 7.

The sign of confusion determines the direction of misinterpretation. To fix ideas, consider
the inflation-dominant case, (C < 0), in which a positive supply shock is partly interpreted

as a negative demand shock. The output-dominant case, (C > 0), reverses the signs. Since a
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positive demand shock raises both inflation and output, 7t; > 0 and #; > 0, both cross-shock
channels push prices downward, i.e., C7t; < 0 and C¢p,; < 0. Thus confusion amplifies the
disinflationary effect of a positive supply shock and, through the Euler equation, amplifies
the output response. Intuitively, firms misinterpret the positive supply shock as weak
demand. Instead of expecting stronger real activity, they expect lower demand and lower
real marginal cost, and reduce prices further.

After a positive demand shock, the effect is not signed in general. When C < 0, the
expected-inflation channel raises prices because C7t; > 0 and 7t; < 0. The marginal-cost
channel is ambiguous because it depends on supply-shock persistence and the equilibrium
inflation response, as characterized in Corollary A.1. Hence confusion has a sharply signed

effect after supply shocks but an ambiguous effect after demand shocks.

GE Effects and Higher-Order Confusion. We now solve the equilibrium responses in

Proposition 5 and isolate the role of higher-order confusion.

Theorem 1 (Higher-Order Confusion in General Equilibrium). Let

o [T U= Us) _ Yy (DaFy + CEs) — 11paC o s—1_
TTs Us ll’y(CFd + Dst) - Ull)aDs — P, v
Then
= (I1-46P)"'U.

N (ud> ((7\196 + ;\2Z)Ud> - . (Us)
t = + + (A —A)u ,
Us (7\12 + ;\zx)us U,

If |6] < 1, then

H/—/ N -~ 4 NG -~ 1
PE GE: own-shock GE: confusion
where
- S\
Ay = k=1,2
LR R 5 P e

and Ay is an eigenvalue of P.
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The theorem decomposes inflation responses into three components. The first is the
partial-equilibrium response, U, which captures firms’ direct pricing response given their
beliefs. The second is own-shock GE feedback: the initial PE response triggers further
rounds of strategic pricing responses by other firms. It corresponds to the special case in
which P is diagonal. The third term is new. It is the GE effect of higher-order confusion.
Because P is not diagonal, the demand-shock inflation response loads on U, while the
supply-shock inflation response loads on U,;. The strength of this cross-shock feedback is
governed by (A1 — A)u, which is essentially the sum of higher-order confusion weighted
by the strategic complementarity é.

This decomposition separates standard GE attenuation from confusion-driven GE
feedback. In standard incomplete-information models, information frictions dampen GE
responses because higher-order expectations place less weight on the true shock and remain
more anchored to the prior (Angeletos and Lian, 2023). Confusion operates along a different
dimension: it changes the direction, not only the magnitude, of GE feedback. The PE response
to a shock affects the responses to the other shock through GE feedback because agents
place weight on the wrong shock in their beliefs. The sign and strength of this cross-shock
teedback are governed by confusion. Importantly, GE attenuation and GE confusion are
distinct objects. A single precise signal paired with an uninformative one can generate
moderate GE attenuation but maximal confusion. Conversely, two similarly precise signals
can imply comparable GE attenuation but little confusion.

For illustration, we solve the general-equilibrium system numerically and plot the
responses in Figure 3. We set shock variances equal to 0.25, output signal noise variance
and signal loadings to be one. The top panels show responses to a unit demand shock as
o varies, while the bottom panels show responses to a unit supply shock. The red solid
lines report the full equilibrium responses with confusion. The blue dashed lines report the
no-confusion component, obtained by removing all terms involving C from both the PE and
GE responses.

Consistent with Proposition 2, negative confusion is strongest as ¢ — 0. The effect is
especially pronounced after a supply shock. When the inflation signal is nearly precise,

the full equilibrium responses of inflation and output are substantially larger than the
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Figure 3: Effect of Confusion on Output and Inflation
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Notes: The figure shows the responses of inflation and output to demand and supply shocks. The top panels report responses to a unit
demand shock for different values of 0. The bottom panels report responses to a unit supply shock. The red solid lines show the
full equilibrium responses with confusion. The blue dashed lines show the no-confusion component, obtained by removing all terms
involving C from both the PE and GE responses. Also, 0y = ¢, = 0.5, 0, = 1, and signal loadings are set to be one. We use the remaining
parameter values from Table 2

no-confusion component. Moreover, most of the variation in supply-shock responses across
0 is driven by confusion. As o rises, negative confusion weakens. With 0, = 1 and unit
loadings, confusion disappears at 0,; = 1 and reverses sign thereafter.

For demand shocks, confusion has a smaller effect. Inflation and output move modestly
relative to the no-confusion component. The no-confusion component instead displays the
standard information-attenuation mechanism. When signals are precise, firms infer more of
the underlying demand shock, so prices adjust more and output responds less. As signals
become noisier, firms underreact in prices, and the output response becomes larger. This is

the monetary non-neutrality mechanism emphasized by Woodford (2003).

Expectations We next analyze expectation responses. Expected inflation after demand

and supply shocks can be written as

E7ty = Dgfty + C7ts,  Edts = Ds7ts + C7ty,
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Figure 4: Effect of Confusion on Expected Output and Inflation
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Notes: The figure decomposes expected inflation and output responses under exogenous information as ¢ varies. Black solid lines are
actual equilibrium responses. Red solid lines are total expectations. Dashed lines decompose each expectation into the component coming
from the own-shock response and the component coming from the cross-shock response.

with analogous expressions for expected output.

Figure 4 plots firms’ expected responses of inflation and output, decomposed into own-
shock components, such as D;7t;, and cross-shock components, such as C7s. Expected
output after a demand shock is substantially below actual output, especially when the
inflation signal is precise. This gap is driven mainly by confusion. When C < 0, firms
partly interpret a positive demand shock as an adverse supply. Since adverse supply lowers
output, the cross-shock component depresses expected output. This force is strongest as
ocr — 0, when inflation is highly informative and negative confusion is largest.

The own-shock component reflects two opposing forces. On the one hand, more precise
information allows firms to infer more of the true demand shock, which induces stronger
price adjustment and reduces output response. On the other hand, more precise information
also implies that firms believe larger movements in equilibrium output and inflation. The

interaction of these forces makes expected demand-driven output non-monotone in ¢.
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For supply shocks, more precise information raises own-shock perception: firms perceive
a larger supply shock, cut prices more, and expect output to rise more. The cross-shock
component works in the opposite direction when o is small. Negative confusion makes
firms infer weak demand, which lowers expected output. Combining these two forces,
expected output after a supply shock can first fall and then rise with ¢.

In sum, a precise inflation signal makes firms perceive demand-driven output move-
ments as small relative to supply-driven movements. Section 4 shows that this mechanism
has a direct empirical implication: survey forecasts of output are primarily driven by supply

shocks, even though realized output may be driven more by demand shocks.

3.2 Endogenous Information

So far, we have treated the loadings in the output and inflation signals as exogenous. We
now endogenize information by tying these loadings to the general-equilibrium responses
of output and inflation. We first establish existence and uniqueness, and then study how
confusion changes when information is endogenous.

Endogenous information generates strong information complementarity. One firm’s price
choice becomes part of the aggregate signal observed by other firms. This complementarity
can produce multiple equilibria. In an economy with only a demand shock and an inflation
signal, Proposition A.1 shows that a zero-inflation equilibrium always exists. If all firms
keep prices unchanged, inflation contains no information about the demand shock. Firms
therefore fail to infer the shock, and price inaction becomes self-confirming.

Proposition A.3 shows that this logic survives with the setup where both demand and
supply shocks can occur simultaneously. Suppose the inflation signal is informative but the
output signal is uninformative. Then a zero-inflation response to a demand shock can be
sustained: if inflation does not move after the demand shock, the inflation signal carries
no demand-shock information, and any inflation movement is attributed to supply. In
this equilibrium, demand shocks generate no inflation response, supply shocks generate
nonzero inflation responses, and confusion vanishes along the demand-shock dimension.
A second, nonzero-inflation equilibrium may also arise when firms coordinate on price

adjustment, thereby making inflation informative about demand. If the inflation signal
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is sufficiently noisy, this nonzero equilibrium disappears because price deviations are too
small to be detected.

Adding an output signal can restore uniqueness. Proposition A.2 shows that a sufficiently
informative output signal eliminates the zero-inflation equilibrium. Intuitively, if firms
initially refrain from changing prices after a demand shock, output still rises. Because firms
also observe an output signal, they infer the presence of a demand shock and raise prices.
Naturally, this result holds only when output signal is informative enough.

Endogenous information changes confusion by making agents learn more from the
shocks that move observable aggregates more strongly. If inflation is primarily supply-
driven, then inflation becomes a better signal of supply shocks. As a result, agents are
less likely to misattribute a true supply shock to demand, but more likely to misattribute
a true demand shock to supply. Output, by contrast, is typically driven more evenly
by demand and supply, so output-based learning can generate sizable confusion in both
directions. Figure A.1 illustrates how endogenous information reshapes responses relative

to the exogenous-information case.

Summary. Taken together, the simple New Keynesian model delivers four lessons. First,
confusion can substantially reshape equilibrium responses, especially to supply shocks.
Second, higher-order confusion enters through GE feedback: whereas standard GE attenu-
ation dampens responses, confusion redirects feedback across shocks and can operate in
the opposite direction. Third, confusion distorts expectations. When the inflation signal is
precise, firms’ expected output response to demand shocks can be muted or even negative.
Fourth, endogenous information can generate multiplicity and changes the inference: agents

learn most from shocks that leave the largest footprint on observable aggregates.

4 Quantitative Model

In this section, we develop a dynamic quantitative model of confusion with endogenous
information. The model follows closely the logic of an island economy as in Lucas (1972)

and Lorenzoni (2009).
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Households. The economy is populated by a unit mass of households indexed by i € [0, 1].

Household i chooses consumption, labor supply, and nominal bond holdings to maximize

e NIHT

> (A (Citsk — AcCiprr—1) itk
max E; E (l |,Bi,t+s> [ Lax s = I )
k=0 \5=0 I-o L+7n

{Cit 41 NitxBit k41 F 0

where A; € [0,1) governs external habit formation, ¢ > 0 is the coefficient of relative risk

aversion, and 1 > 0 is the inverse Frisch elasticity. The household discount-factor satisfies

log it = log B+ Bt + i, Bt = paPr—1+uf, (10)

where S is the steady-state discount factor, B; is the aggregate demand shifter, and ¢;; ~
N(0,02) is an idiosyncratic preference component independent of uf ~ N(0,02). Thus,
a household’s own discount factor is informative about aggregate demand. The budget

constraint is
P;y;Cit + Bit+1 = R¢Bj + Wiy Njy + 114, (11)

with bonds in zero net supply. Here P; is the household-specific price index, R; is the gross
nominal interest rate, W; is the nominal wage, and I1;; denotes rebated profits.
As in island models, households do not observe the aggregate price level perfectly. In

particular, each household purchases a non-representative basket of differentiated goods,

o-(feta) ne(frea)®

where € > 1 and ();; is household i’s consumption basket. We interpret P;; as a local signal
of the aggregate price level P;: it contains information about aggregate inflation but does

not reveal it perfectly (Lorenzoni, 2009).

Labor Unions and Segmented Labor Markets. To prevent wages from fully revealing
aggregate conditions, we introduce segmented labor markets indexed by k € [0, 1]. House-
holds supply differentiated labor services to labor unions. Each union k aggregates labor

from a random subset of households, (), into a union-specific labor bundle, together with
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associated nominal wage index,

€w 1
ep—1 ew—1 B N\ I-ew
Nit = ( / N, & di) ;o Wy = ( / wi-ew dz) . (13)
Qk Qk

where €, > 1 is the elasticity of substitution across labor types. Each firm hires labor from

only one union. As a result, a firm observes the wage index Wy; of its own labor supplier
rather than the aggregate nominal wage. Because each union aggregates a random subset
of households, Wy, is informative about aggregate labor-market conditions but does not
perfectly reveal the aggregate state.

Each union sets nominal wages for its member households, taking the labor-demand
schedule for its bundle as given. The union sets the real wage as a constant markup over
the household marginal rate of substitution:

Wik
b;

€w
ew_]..

(14)

= ,uw(cit - )\ccit—l)aNZ(t/ Hw

Firms. A unit mass of monopolistically competitive firms, indexed by j € [0, 1], produces
differentiated goods using labor hired from a single labor union. Each firm sells to a local
set of consumers with market-clearing condition Yj; = |/ Cijidi. Production is Yj; = Aj;N jlt_"‘,

where Aj; is firm-specific productivity. Firm-level log productivity is
ajp = ag + Cjt, ap = a1 + Uf,

where uf ~ N(0,07) is the aggregate productivity innovation and j; ~ N(0,07,) is the
idiosyncratic productivity innovation. Thus, each firm’s own productivity realization aj; is
a private signal about 4;.

Price setting is subject to Calvo rigidity. In each period, a firm can reset its price with
probability 1 — 6 and otherwise keeps its previous price unchanged. A resetting firm chooses

P]?; to maximize

max Ejt ) 0* Q1 1k [P Yiik(P) — ij,t—kkNj,t—i—k(p)}/ (15)
k=0
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where Q; 1, is the stochastic discount factor and W;;  is the wage charged by the labor
union from which firm j hires. When resetting prices, firms forecast aggregate demand,
price level, and real wage using their information at time t. After prices are posted, demand

is realized; each firm hires from its matched labor union and produces to meet demand.

Monetary Authority. The central bank sets the nominal interest rate according to a

standard Taylor rule:
_ Y\ P
Ry = RI1{" (%) ) (16)

where R and Y denote steady-state values and I1; is gross inflation. We assume the central

bank observes the aggregate state perfectly.

Information Structure. The economy is driven by aggregate demand and supply shocks.
Neither shock is directly observed. Agents instead observe local outcomes that are informa-
tive but only partially revealing. Firms observe their own productivity, local demand, and
the wage charged by the labor union from which they hire. Households observe their own
discount-factor component, local price index, and interest rate.

For tractability, we summarize this rich information environment with two endogenous
signals: one about aggregate output and one about aggregate inflation. This simplification is
without loss for our purposes because the local outcomes that agents observe in equilibrium
are linear combinations of output and inflation. In particular, we assume that households
observe their own demand shifter b;; and the policy rate i;, while firms observe their own

productivity a;;. All agents observe noisy signals of output and inflation:
Y=y +&,  xp=m+en, Le{ij)
Thus the information sets are

— Y ; — ¥
Iit - {bitl Xipr xg/ 1t, Ii,t—l}/ Ijt - {ajt/ xjt’ x;'-;/ Ij,t—l}'

Equilibrium. Equations (9)—-(16), together with market-clearing conditions, characterize

the equilibrium.
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Log-linearized Equilibrium Conditions. We log-linearize the model around the steady

state. Under dispersed information, the representative-agent recursive formulation is not

available. Nevertheless, the equilibrium can be written recursively at the individual level.
With external habit, the household Euler equation becomes

AC 1 1_)\(:

= TEA T TR

r /\C]Eitci,tJrl T At Ao (it — Ejyrtepq — by) (17)

Cit
Households observe the nominal policy rate i; exactly, but differ in perceived ex ante real
rates because they form different inflation expectations. Habit dampens initial output
responses, especially to demand shocks, and helps generate plausible confusion. Since
agents infer from the aggregates the shock leaves the largest footprint, an excessively large
demand-driven output response would tilt inference toward positive confusion.

Define the reset-price gap as zj; = p;‘t — pi—1. The aggregate inflation thus satisfies
m=(1-0) f01 zjt dj. Combining firms” optimal pricing condition with the habit-adjusted

wage equation derived in Appendix B.1, the log-linear reset-price equation is then*

zjy = By + (1 — o) {%Ejtyt —PrAEjyi-1 — npaEjar — %ﬂjt} + BOEjizj111,  (18)

1—
where ¢, = £+ (1—¢) (2 + 1), ¥2 = (1 - 9) 2, u = =%

Finally, the log-linearized monetary rule is

i} = Prt: + ¢yyt- (19)

5 Estimation

We estimate the model separately before and after 1990. The estimates discipline both
shock variances and signal informativeness, which determine the sign and magnitude of
confusion. We then use the estimated model to study historical decompositions, impulse

responses, and policy counterfactuals.

4Following Angeletos and Lian (2018) and Angeletos and Huo (2021), we assume that firms know p;_1 but
do not extract additional information from it. This assumption simplifies aggregation and keeps the focus on
the information contained in current endogenous outcomes.
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Figure 5: Realized and Expected Real-Time RGDP Growth and PGDP Inflation
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Notes: The left panel plots annual actual and perceived GDP growth; the right panel plots annual actual and perceived GDP-deflator
inflation. Solid black lines denote real-time realized growth rates. Colored lines denote SPF mean expectations for the corresponding
annual growth rate, constructed from level forecasts and aligned with the terminal quarter of the forecast horizon. All series are
demeaned by their own mean within monetary-policy regimes. Units are percentage points.

Data. Our empirical moments are constructed from real-time U.S. macroeconomic data
and survey expectations. Realized inflation and output are computed from Philadelphia
Fed real-time data on the GDP price deflator and real GDP, while perceived PGDP inflation
and RGDP growth are computed from the Survey of Professional Forecasters. We use
annual growth rates and restrict the sample to 1969Q3-2019Q4, excluding the pandemic
period because it represents a distinct regime relative to the Great Moderation and the
post-Great-Recession period. In Section 5.1, we study a counterfactual designed to mimic
key features of this period and draw policy implications.

For realized growth, we impose a real-time information convention. The observation
for quarter t is computed using the vintage released in quarter ¢ + 1, and both the current
and lagged levels are taken from that same vintage. This same-vintage construction ensures
that measured growth reflects information available in real time rather than subsequent
revisions. For perceived growth, we use the SPF four-quarter-ahead level forecasts to form
the survey-implied annual growth rate over the same four-quarter interval as the realized
series. Thus, the perceived object is the forecast of the annual growth rate realized over that

window.
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We remove low-frequency shifts by demeaning each series within broad commonly
recognized regimes. The regimes are pre-Volcker through 1979Q2, Volcker disinflation from
1979Q3 through 19900Q4, Great Moderation from 1991Q1 through 2007Q4, and post-2008
from 2008Q1 through 2019Q4. We apply this transformation separately to each variable. In
particular, perceived variables are demeaned using their own regime means, rather than the
realized means, so that average expectation wedges within a regime are not mechanically
removed. We use regime demeaning rather than smooth filters because low-frequency
movements in inflation and output may reflect trends agents learned in real time. Filtering
them out would mechanically weaken the comovement between realized and perceived
variables and bias upward the estimated information friction, especially in the post-Volcker
period (Erceg and Levin, 2003). Regime demeaning removes only broad regime-level mean
shifts, while preserving within-regime variation.

The data show that expectations move substantially over time. Professional forecasters
track realized inflation and real-time GDP growth closely, but they miss the sharp rise in
inflation and the contraction in GDP growth in the early 1970s, when the economy was hit
by large and persistent oil shocks. During the post-Volcker disinflation from 1980 to 1990,
forecasts continue to track inflation closely, but follow GDP growth less tightly. This is a
period in which output became especially difficult to forecast: oil prices fell a lot, while
monetary policy remained tight. After 1990, inflation expectations become more anchored,
and both macroeconomic volatility and forecast-realization comovement decline. This
pattern is consistent with recent evidence that lower macroeconomic volatility reduces
incentives to acquire and process information (Weber et al., 2023). We therefore split the
sample into pre-1990 and post-1990 periods, following Hazell et al. (2022).

Estimation Method. We estimate the model separately on the pre-1990 and post-1990

samples. The parameter vector is © = ((75, 02,02, (75

demand and supply shocks, and 02 and (75 are the variances of inflation and output signal

), where 0021 and ¢? are the variances of

noise. All other structural parameters are calibrated.

31



The empirical targets are the ten unique elements of the contemporaneous covariance

matrix of annual regime-demeaned data. Let x; = (v, 7t, Eyt, E¢ 7). We target

0 = vech (z4), pie %;(xt — B (- ).
All variables are annual four-quarter objects. We focus on firms” expectations, since the
quantitative exercise studies how firms use inflation and output signals when setting prices.
Household expectations may also reflect the central bank’s signaling role, as emphasized by
Melosi (2017), which is not the focus here.
For each ©, we solve the model and compute impulse responses to demand and supply

shocks. Since the empirical variables are annual growth rates, the model moments are

computed from annual responses. For shock s € {d,a}, define

3 3 3 3 !
S __ S S S S
by =\ L Vierer X et 2 B Y BTG | -
=0 =0 =0 =0
The model-implied covariance matrix is

H H
(@) = o7 Y biby + o7 Y bibf.
h=0 h=0

We estimate © by minimizing weighted absolute relative deviations:

mITOdEZ (@) _ mgatu

data
my

© = i
argrrgn;

Identification The moments discipline these parameters in distinct ways. Realized vari-
ances and the covariance between output and inflation discipline the variances of demand
and supply shocks. The variances of expectations discipline the overall precision of
information. The covariances between realized and expected variables discipline the relative
informativeness of output and inflation signals, and therefore the sign and magnitude of
confusion. In particular, stronger comovement between inflation and expected inflation
pushes the model toward a more precise inflation signal, while stronger comovement

between output and expected output pushes it toward a more precise output signal.
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Computational Challenges. Solving a dynamic beauty-contest model with endogenous
information is computationally demanding. We solve the model using the analytic policy-
function iteration approach of Han et al. (2022), which evaluates the annihilation operator
via the discrete Fourier transformation, and we construct expectations using the Wiener-
Hoptf filter as in Huo and Takayama (2025). Building on this computational machinery,
we introduce numerical refinements that reduce redundant computation and improve
the stability of the fixed-point iteration. In our implementation, these refinements reduce
the solution time of a standard DSGE model with information frictions and endogenous

information by roughly one half. Details are provided in Appendix B.

Estimation Results. Table 1 shows that the model fits the targeted contemporaneous
moments reasonably well in both samples. It captures the covariance structure of realized
variables and, more importantly, the covariance between realized and expected variables.
This covariance is central because its relative strength across output and inflation disciplines
the sign and magnitude of confusion. In the pre-1990 sample, the model also matches the
variances of expectations well, although it overstates some expectation covariances. In the
post-1990 sample, it fits expectation covariances well but understates their variances. Given
the model’s two-shock structure and the likely measurement error in expectation data, these
discrepancies are not surprising.

The calibrated parameters in Table 2 are standard in the New Keynesian literature.
We set B = 099, ¢ = 6, « = 0.33, and Taylor-rule coefficients ¢, = 1.5 and ¢y = 0.5.
Shock persistence is fixed at 0.8. We do not estimate persistence because doing so is
computationally costly and would blur the role of information frictions: as Section 2.3
shows, asymmetric persistence itself affects learning and confusion. To assess whether the
fixed persistence is reasonable, Tables B.2 and B.3 report untargeted autocovariance matrices
through lag 3. Although these moments are not targeted, the model captures the broad
persistence patterns in the data.

Habit formation is set to A, = 0.6, which generates a moderate on-impact output

response to demand shocks. We set § = 0.5 so that the estimation focuses on information
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Table 1: Model vs. Data Moments: Contemporaneous Covariance Matrices

Pre-1990
Data Model

Yt e Ewyr  Epmy Yt e Ewyr  Epmy

Yt 893 -438 386 -2.12 893 -346 424 -3.07
Tt -438 557 -261 351 -346 511 -3.07 4.00
Evwyy 386 -261 290 -154 424 -3.07 290 -270
Eymy -212 351 -154 3.39 -3.07 4.00 -270 3.39

Post-1990
Data Model

Yt e Ewyr  Epmy Yt e Ewyr  Epmg

Yt 193 -024 054 -0.39 193 -024 0.69 -0.15
Tt -024 037 006 0.17 -024 037 -0.15 0.17
Eyyy 054 006 056 -0.14 069 -0.15 034 -0.10
Eyme -039 017 -014 0.27 -0.15 017 -010 0.10

Table 2: Calibrated and Estimated Parameters

Calibrated parameters

Parameter Description Value Parameter Description Value
B Discount factor 0.99 ¢, Taylor rule response to output 0.5
o Inverse intertemporal elasticity 1 Ac External habit 0.6
K Inverse elasticity of labor supply 1 04/ 04 Exogenous supply-signal noise 20
w Decreasing returns to scale 0.33 04/0y4 Exogenous demand-signal noise 20
€ Elasticity of substitution across 6 p4 Persistence of demand shock 0.8
goods
0 Calvo price stickiness 0.5 pg Persistence of supply shock 0.8
O Taylor rule response to inflation 15
Estimation: 1969Q3-1989Q4 Estimation: 1991Q1-2019Q4
Parameter Description Value Parameter Description Value
o3 Demand-shock variance 0.1106 o3 Demand-shock variance 0.0314
o? Supply-shock variance 0.5354 o2 Supply-shock variance 0.1433
o2 Inflation signal-noise variance ~ 0.1288 ¢2 Inflation signal-noise variance  0.1012
O'yz Output signal-noise variance 3.4480 (75 Output signal-noise variance 0.7608

frictions rather than strong nominal rigidity.” Exogenous signal standard deviations are

5Although Nakamura and Steinsson (2008) find that prices readjust every three to four quarters, some
measured price stickiness does not translate into monetary non-neutrality because of selection effects, as
emphasized by Golosov and Lucas (2007). Auclert et al. (2024) show that, after accounting for selection,
the empirical degree of price stickiness is equivalent to a Calvo parameter of about 0.5, or an average price
duration of two quarters.
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tixed at twenty times the corresponding aggregate shock standard deviation, so agents do
not observe informative private signals. These exogenous signals help deliver equilibrium
uniqueness and numerical stability.

The estimates in Table 2 imply much larger demand- and supply-shock variances before
1990. This accords with the historical view that monetary and oil supply shocks were central
sources of fluctuations in this episode. After 1990, both variances fall sharply, consistent with
the decline in aggregate volatility during the Great Moderation. The correlation between
inflation and output becomes less negative, indicating demand shocks account for more of
the variations in the post-1990 sample.

In the pre-1990 sample, the high covariance between inflation and expected inflation
pushes the estimation toward a highly precise inflation signal. By contrast, the estimated
output signal is much noisier, despite the moderate covariance between output and expected
output. The model reconciles these facts through negative confusion. The asymmetry in
signal precision leads agents to attribute much of perceived output variation to supply
shocks rather than demand shocks. Perceived supply shocks move expected output
substantially, generating both moderate expected-output volatility and a positive covariance
between output and expected output. We show this mechanism directly below using the
model-implied decomposition of expectations.

In the post-1990 sample, the covariance between inflation and expected inflation is much
smaller, pushing the estimation toward a much noisier inflation signal. At the same time, the
output signal becomes relatively more precise. This helps explain the post-1990 moment fit.
Since demand shocks move output more strongly than inflation, a more precise output signal
provides sharper information about demand shocks. Demand shocks therefore account
for more of the variation in expected output, raising the covariance between realized and

expected output relative to the pre-1990 sample.

5.1 Results

This section decomposes historical fluctuations into demand and supply shocks and
evaluates the model’s fit to expectation dynamics. We show that confusion provides a

plausible explanation for the “supply-side view” in the literature. We show substantially
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Figure 6: Historical Decomposition Before 1990
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Notes: Stacked-area plots attribute quarterly fluctuations in real GDP, inflation, and their SPF expectations, before 1990, to the
structural demand (blue) and supply (red) shocks recovered via model inversion. The first row shows the results for real GDP and
its forecast, while the second row shows the results for inflation and its forecast.

stronger pre-1990 responses to supply shocks. Then, we argue that the large output
response to demand shocks and high covariance between output and expected output
can co-exist, and document the post-1990 flattening of the Phillips curve. Finally, we study

a counterfactual with more accommodative monetary policy and draw policy implications.

Historical Decomposition and the Supply-side View. We use the observed joint time
series of real GDP growth and inflation to recover the sequence of structural shocks by
model inversion. Since the model has two structural shocks and two observables, the
inverted shocks match the realized series exactly by construction. We then feed these shocks
back through the model to generate expectations. The expectation series are not used in the

inversion and therefore provide an out-of-sample check on the estimation.
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Figures 6 compares SPF expectations, shown in solid lines, with model-implied expec-
tations, shown in dashed lines. The model fits the expectation dynamics. Furthermore, it
decomposes pre-1990 output, inflation, and expectations into demand and supply compo-
nents. Realized output fluctuations are more supply-driven, with demand accounting for
38% of output variance and supply for 62%. Expected output, however, is almost entirely
supply driven: supply shocks account for 97% of its variance. Realized and expected
inflation are also mostly supply driven, with supply shocks accounting for roughly 90% of
their variances.

This pattern reflects the model’s core confusion mechanism. Inflation is observed
relatively precisely, while output is noisy. This has two implications. First, because demand
shocks account for much of the variation in output, a noisy output signal makes demand
shocks hard to identify. Second, the imbalance in signal precision generates negative
confusion. Agents therefore attribute much of perceived output variation to supply shocks,
and these perceived supply shocks move expected output. Perceived inflation is also largely
supply driven. Together, these forces generate a supply-side view of aggregate fluctuations,
consistent with recent survey evidence (Weber et al., 2022; Candia et al., 2023a).

Figure B.1 reports the post-1990 fit and decomposition. Realized output fluctuations
become predominantly demand driven, with demand shocks accounting for about 71% of
output variance. This marks a sharp shift from the pre-1990 decomposition and is consistent
with the weaker negative comovement between output and inflation, as demand shocks
dominate. Expected output also becomes less supply driven: demand shocks explain
about 49% of its variance, compared with only about 3% before 1990. As the output signal
becomes more informative, the supply-side view of output fluctuations weakens, although
expectations still remain slightly tilted toward supply shocks. Inflation, however, remains

primarily supply driven, with supply shocks accounting for about 90% of inflation variance.

Impulse Responses. Figure 7 displays the responses of output and inflation to one-percent
demand and supply shocks in the models estimated before and after 1990. Several patterns
stand out. Demand shocks generate substantial monetary non-neutrality in both samples.
The peak output response is slightly larger before 1990, 1.10, compared with 1.01 after 1990,

while the peak inflation response is much larger, 0.28, compared with 0.11. The difference is
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Figure 7: Impulse Responses from the Estimated Model
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Notes: The figure plots current-quarter impulse responses of output and inflation using the pre- and post-1990 estimates in
Table 2. Solid lines use the pre-1990 estimates; dashed lines use the post-1990 estimates. The first row reports responses to a
supply-shock innovation, and the second row reports responses to a demand-shock innovation. Innovations are normalized to
one percent, and horizons are quarterly.

also pronounced for supply shocks. The pre-1990 peak output response is 0.41, compared
with 0.28 after 1990. The pre-1990 peak inflation response is —0.38, compared with —0.19
after 1990, roughly twice as large. Thus, the post-1990 Great Moderation reflects not only
smaller shock variances, but also a substantial flattening of the Phillips curve and weaker
transmission of supply shocks.

The figure shows large demand-driven output responses alongside the substantial
movements in expectations documented in Figure 5. This combination is difficult to obtain
in canonical single-shock incomplete-information models, as in Woodford (2003). Limited
information about demand shocks is needed to generate the large output response and
muted inflation response found in empirical impulse responses. Yet the same limited
information would make expectations move too little. Our two-shock model breaks
this tradeoff: expectations can move substantially even when demand shocks are poorly
observed because agents misattribute movements between demand and supply shocks. The
mechanism also fits the covariance between realized and expected output, strengthening its

empirical plausibility.
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Figure 8: Impulse Responses of Expectations
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Notes: The figure plots current-period impulse responses of expectations using the pre- and post-1990 estimates in Table 2. The
columns show expected output, expected inflation, the perceived supply shock, and the perceived demand shock. Innovations are
normalized to one percent, and horizons are quarterly.

To understand why these patterns emerge, Figure 8 reports the belief dynamics. Solid
lines show pre-1990 responses and dashed lines show post-1990 responses. Confusion
is negative before 1990 and positive after 1990. After a true supply shock, the expected
demand shock moves only modestly in both periods. Yet this small confusion matters
because demand shocks generate large output responses and sizable inflation responses.
This is visible in expected output and expected inflation: although the expected supply
shock falls by only about one half after 1990, the peak decline in expected inflation becomes
roughly four times smaller, and the peak response of expected output falls by more than
one half. Thus, confusion accounts for a substantial part of expectation movements, which
then generates larger responses of realized inflation and output before 1990.

After a demand shock, the expected supply shock falls sharply before 1990, reaching
about —0.21, close in absolute value to own-shock perception, which peaks around 0.24.
This negative perceived supply shock raises expected inflation substantially. After 1990, the
sign reverses: the expected supply shock rises and peaks around 0.11, pushing expected
inflation slightly below zero on impact.® The realized inflation response therefore falls from

0.28 before 1990 to 0.11 after 1990, a decline of about 60%, while the output response remains

®As the output response to the demand shock decays, confusion turns negative again.
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Figure 9: Impulse Responses: Taylor-Rule Counterfactual
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Notes: The figure plots current-quarter responses of output and inflation. Solid lines denote the baseline; dashed lines denote
the counterfactual Taylor rule with ¢ = 1.1 and ¢, = 0.2. Shocks are one-percent innovations, and horizons are quarterly.

similar. Thus, firms” tendency to confuse demand shocks with adverse supply shocks is the
fundamental reason why the Phillips curve is steeper before 1990 in the model. The implied
post-1990 decline in the slope is consistent with Hazell et al. (2022).

Overall, confusion generates large expectation movements while preserving the large
output and muted inflation responses to demand shocks, and provides a plausible ex-
planation for the flattening of the Phillips curve. The same mechanism accounts for the
supply-side view in survey evidence and explains why inflation responds to supply shocks

more strongly when agents pay more attention to inflation.

Accommodative Monetary Policy. Figures 9 and 10 report the counterfactual exercise
in which we keep the pre-1990 estimated shock and signal variances fixed and replace
the baseline Taylor rule with a more accommodative rule, ¢ = 1.1 and ¢, = 0.2. This
exercise is motivated by the pandemic period, in which monetary policy remained highly
accommodative while households paid unusually close attention to inflation (Liu, 2025).
The effect is large. Under the counterfactual rule, the peak inflation response to a demand
shock rises from 0.28 to 1.14. For a supply shock, the absolute inflation response rises from

0.38 to 0.70, almost doubling. Output responses also increase, especially for demand shocks,
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Figure 10: Expectation Responses: Taylor-Rule Counterfactual
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Notes: The figure plots current-period responses of expected output, expected inflation, the perceived supply shock, and the
perceived demand shock. Solid lines denote the baseline; dashed lines denote the counterfactual Taylor rule with ¢, = 1.1 and
¢y = 0.2. Shocks are one-percent innovations, and horizons are quarterly.

with the peak output response rising from 1.10 to 1.47. Thus, when policy is more lenient,
the same one-percent shocks generate substantially larger inflation and output responses.

Figure 10 shows that the amplification works through both policy accommodation
and confusion. For supply shocks, the larger inflation response is closely tied to stronger
confusion: the expected demand shock becomes more negative, falling from —0.03 to —0.12.
For demand shocks, the amplification is even stronger because two forces move together.
First, firms perceive a larger demand shock, with the expected demand shock rising from
0.24 to 0.45. Second, confusion also strengthens: firms infer a much larger negative supply
shock, with the expected supply shock falling from —0.21 to —0.46.

The key mechanism is an amplification loop between accommodative policy and inflation
through information frictions, especially confusion. When inflation is highly informative, a
weaker policy response lets demand shocks generate more inflation. This raises perceived
demand after true demand shocks and strengthens negative confusion after both shocks.
After supply shocks, negative confusion strengthens because demand shocks now leave a
larger inflation footprint, so firms misread more supply-driven inflation as demand-driven.
By the same logic, demand shocks induce stronger perceived adverse supply. Because

inflation now responds more to both shocks, the inflation signal becomes relatively more
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informative, reinforcing own-shock perception and cross-shock confusion. Lenient policy
therefore amplifies inflation both directly and through confusion.

The policy implication is that inflation stabilization also stabilizes beliefs. When agents
are uncertain about the source of inflation, accommodative policy can make inflation
movements informative in the wrong direction, strengthening confusion and amplifying
inflation. This is especially relevant in episodes such as the pandemic, when attention
to inflation is high but its source is ambiguous. A stronger policy response can therefore

dampen inflation directly and limit the confusion-driven amplification.

6 Conclusion

This paper develops a theory of confusion between aggregate demand and supply
shocks. When agents infer structural shocks from endogenous aggregates such as output
and inflation, they may attribute the same observed movement to the wrong source. The
sign and magnitude of this confusion depend on the relative informativeness of the signals
agents observe. Confusion also changes the nature of higher-order beliefs and general-
equilibrium feedback. Dynamic learning can correct this confusion only when agents
observe sufficiently informative signals in both directions.

Quantitatively, the model shows that this mechanism helps organize several features
of U.S. inflation dynamics before and after 1990. The estimates point to a shift from an
inflation-signal-dominant regime before 1990 to a more output-signal-dominant regime
afterward. This change helps explain why supply shocks generated much larger inflation
responses of supply shocks before 1990, and why expectations can look supply-driven even
when realized fluctuations are demand-driven, and the flattening of the Phillips curve.

For the future directions, three avenues appear especially promising: (i) direct empirical
evidence on confusion using targeted surveys; and (ii) faster, more reliable computational
methods for solving DSGE models with multiple shocks, endogenous information, and

belief distortions at scale.

Bibliography

Afrouzi, H. and Yang, C. (2021). Dynamic rational inattention and the phillips curve. mimeo.

42



Angeletos, G.-M. and Huo, Z. (2021). Myopia and anchoring. American Economic Review, 111(4):1166—
1200.

Angeletos, G.-M., Huo, Z., and Sastry, K. A. (2021). Imperfect macroeconomic expectations: Evidence
and theory. NBER Macroeconomics Annual, 35(1):1-86.

Angeletos, G.-M. and La’o, J. (2010). Noisy business cycles. NBER Macroeconomics Annual, 24(1):319-
378.

Angeletos, G.-M. and Lian, C. (2018). Forward guidance without common knowledge. American
Economic Review, 108(9):2477-2512.

Angeletos, G.-M. and Lian, C. (2023). Dampening general equilibrium: Incomplete information and
bounded rationality. In Handbook of Economic Expectations, chapter 20, pages 613—-645. Elsevier.

Auclert, A., Rigato, R., Rognlie, M., and Straub, L. (2024). New pricing models, same old phillips
curves? The Quarterly Journal of Economics, 139(1):121-186.

Barnichon, R. and Mesters, G. (2020). Identifying modern macro equations with old shocks. The
Quarterly Journal of Economics, 135(4):2255-2298.

Beaudry, P. and Portier, F. (2006). Stock prices, news, and economic fluctuations. American Economic
Review, 96(4):1293-1307.

Bernanke, B. and Blanchard, O. (2023). What caused the US pandemic-era inflation?, volume 86. PIIE,
Peterson Institute for International Economics.

Bordalo, P.,, Gennaioli, N., Ma, Y., and Shleifer, A. (2020). Overreaction in macroeconomic expectations.
American Economic Review, 110(9):2748-2782.

Candia, B., Coibion, O., and Gorodnichenko, Y. (2023a). The macroeconomic expectations of firms.
In Coibion, O., Gorodnichenko, Y., and Kamdar, R., editors, Handbook of Economic Expectations,
Handbooks in Economics, chapter 11, pages 445-472. Elsevier.

Candia, B., Weber, M., Gorodnichenko, Y., and Coibion, O. (2023b). Perceived and expected rates of
inflation of us firms. In AEA Papers and Proceedings, volume 113, pages 52-55. American Economic
Association 2014 Broadway, Suite 305, Nashville, TN 37203.

Cavallo, A., Cruces, G., and Perez-Truglia, R. (2017). Inflation expectations, learning, and supermarket
prices: Evidence from survey experiments. American Economic Journal: Macroeconomics, 9(3):1-35.

Chahrour, R. and Jurado, K. (2018). News or noise? the missing link. American Economic Review,
108(7):1702-1736.

Clarida, R., Gali, ]J., and Gertler, M. (2000). Monetary policy rules and macroeconomic stability:
evidence and some theory. The Quarterly journal of economics, 115(1):147-180.

Coibion, O. and Gorodnichenko, Y. (2015). Is the phillips curve alive and well after all? inflation
expectations and the missing disinflation. Brookings Papers on Economic Activity, Spring:151-207.

Coibion, O., Gorodnichenko, Y., and Kamdar, R. (2018a). The formation of expectations, inflation,
and the phillips curve. Journal of Economic Literature, 56(4):1447-1491.

43



Coibion, O., Gorodnichenko, Y., and Kumar, S. (2018b). How do firms form their expectations? new
survey evidence. American Economic Review, 108(9):2671-2713.

Coibion, O., Gorodnichenko, Y., and Ropele, T. (2020). Inflation expectations and firm decisions:
New causal evidence. Quarterly Journal of Economics, 135(1):165-219.

D’Acunto, F.,, Malmendier, U., Ospina, J., and Weber, M. (2021). Exposure to grocery prices and
inflation expectations. Journal of Political Economy, 129(5):1615-1639.

Erceg, C.]. and Levin, A. T. (2003). Imperfect credibility and inflation persistence. Journal of Monetary
Economics, 50(4):915-944.

Golosov, M. and Lucas, R. E. (2007). Menu costs and phillips curves. Journal of Political Economy,
115(2):171-199.

Grossman, S. J. and Stiglitz, J. E. (1980). On the impossibility of informationally efficient markets.
The American economic review, 70(3):393-408.

Han, Z., Tan, E, and Wu, J. (2022). Analytic policy function iteration. Journal of Economic Theory,
200:105395.

Hazell, J., Herreno, J., Nakamura, E., and Steinsson, ]. (2022). The slope of the phillips curve: evidence
from us states. The Quarterly Journal of Economics, 137(3):1299-1344.

Hellwig, C. and Venkateswaran, V. (2009). Setting the right prices for the wrong reasons. Journal of
Monetary Economics, 56:557-577.

Huo, Z. and Pedroni, M. (2023). Dynamic information aggregation: Learning from the past. Journal
of Monetary Economics, 136:107-124.

Huo, Z., Pedroni, M., and Pei, G. (2024). Bias and sensitivity under ambiguity. American Economic
Review, 114(12):4091-4133.

Huo, Z. and Takayama, N. (2025). Rational expectations models with higher-order beliefs. The Review
of Economic Studies, 92(5).

Jorgensen, P. L. and Lansing, K. J. (2019). Anchored inflation expectations and the slope of the
phillips curve. Working paper 2019-27 (updated 2025), Federal Reserve Bank of San Francisco.

Kamdar, R. et al. (2018). The inattentive consumer: Sentiment and expectations.

Kamdar, R. and Ray, W. (2024). Attention-driven sentiment and the business cycle. CAEPR, Center for
Applied Economics and Policy Research.

Liu, X. (2025). Consumer information friction and monetary non-neutrality: A sequential search
approach. Available at SSRN.

Lorenzoni, G. (2009). A theory of demand shocks. American Economic Review, 99(5):2050-2084.
Lucas, R. E. (1972). Expectations and the neutrality of money. Journal of economic theory, 4(2):103-124.

Mackowiak, B. and Wiederholt, M. (2009). Optimal sticky prices under rational inattention. American
Economic Review, 99(3):769-803.

44



Malmendier, U. and Nagel, S. (2016). Learning from inflation experiences. Quarterly Journal of
Economics, 131(1):53-87.

Mankiw, N. G. and Reis, R. (2002). Sticky information versus sticky prices: A proposal to replace the
new keynesian phillips curve. The Quarterly Journal of Economics, 117(4):1295-1328.

Mankiw, N. G., Reis, R., and Wolfers, J. (2004). Disagreement about inflation expectations. In NBER
Macroeconomics Annual 2003, Volume 18, pages 209-248.

McLeay, M. and Tenreyro, S. (2020). Optimal inflation and the identification of the phillips curve. In
Eichenbaum, M., Hurst, E., and Parker, J. A., editors, NBER Macroeconomics Annual 2019, Volume
34, pages 199-255. University of Chicago Press.

Melosi, L. (2017). Signalling effects of monetary policy. The Review of Economic Studies, 84(2):853-884.

Morris, S. and Shin, H. S. (2002). Social value of public information. american economic review,
92(5):1521-1534.

Nakamura, E. and Steinsson, ]. (2008). Five facts about prices: A reevaluation of menu cost models.
The Quarterly Journal of Economics, 123(4):1415-1464.

Nakamura, E. and Steinsson, J. (2018). High-frequency identification of monetary non-neutrality:
The information effect. The Quarterly Journal of Economics, 133(3):1283-1330.

Negro, M. D., Lenza, M., Primiceri, G. E., and Tambalotti, A. (2020). What’s up with the phillips
curve? Brookings Papers on Economic Activity.

Nimark, K. P. (2014). Man-bites-dog business cycles. American Economic Review, 104(8):2320-2367.

Pfauti, O. (2023). The inflation attention threshold and inflation surges. arXiv preprint
arXiv:2308.09480, page 2.

Rondina, G. and Walker, T. B. (2017). Confounding dynamics. In 2017 Meeting Papers, volume 525.

Stock, J. H. and Watson, M. W. (2019). Slack and cyclically sensitive inflation. Nber working paper
25987, National Bureau of Economic Research.

Townsend, R. M. (1983). Forecasting the forecasts of others. Journal of Political Economy, 91(4):546-588.

Vives, X. (2017). Endogenous public information and welfare in market games. The Review of Economic
Studies, 84(2):935-963.

Weber, M., Candia, B., Ropele, T., Lluberas, R., Frache, S., Meyer, B. H., Kumar, S., Gorodnichenko, Y.,
Georgarakos, D., Coibion, O., et al. (2023). Tell me something i don’t already know: Learning in
low and high-inflation settings. Technical report, National Bureau of Economic Research.

Weber, M., Gorodnichenko, Y., and Coibion, O. (2022). The expected, perceived, and realized inflation
of us households before and during the covid19 pandemic. Technical report, National Bureau of
Economic Research.

Woodford, M. (2003). Imperfect common knowledge and the effects of monetary policy. In Aghion,
P, Frydman, R,, Stiglitz, J., and Woodford, M., editors, Knowledge, Information, and Expectations in
Modern Macroeconomics: In Honor of Edmund S. Phelps, pages 25-58. Princeton University Press,
Princeton, NJ.

45



Online Appendix to Confusion and Inflation

Xiaojie Liu and Dalton Rongxuan Zhang

[Not for publication]

A Proofs 46
B Additional Results for Quantitative Model and Estimation 65

A Proofs
A.1 Proposition 1

Proof. It is easy to show that the projection matrix P is:

Info = % HZ; Eﬂ , (A.1)
where
Ly = 02 [ij% + U%wﬁs + 03 (Wrswyq + wndwys)z} , (A.2)
Lg = 0404 [—aﬁwndwm + inydwys} , (A.3)
Ijg = 05 [Ufwid + U%wﬁd + 0?2 (Wrswyg + wndwys)z} . (A.4)

— 2520,2 2( 2 4 ;2.2 2.2 2( 72,2 2 2
D = ozoywys + 07 (O'y + 0wy, + 0 wys> + 073 (Uywnd + 05 (WrsWyg + Wr, Wys) >

Rearrange we get the results. O
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A.2 Proposition 2

Proof of Part 1. From Proposition 1, we have

Ta04 <_‘7§wmiwns + Uyzrwydwys>

C(oy,0n) = , A5
D(oy,07) = (rgayzwis + 02 <(7§ -+ agwﬁd + U§w§S> + 07 ((Tjwid + Uf(wnswyd + wndwys)z) > 0.
(A.6)

Fix the relative noise ratio p = ayz /02, implying 02 = O'yz / p. Substituting this relation into D
gives

2
(op
2.2 2 2 2.2 2.2 2( 2.2 2 2
D(‘Ty?P) = 0,0y Wrs + py (Uy + wayd + 0, wys) + 0y <Uywnd +0; (wﬂswyd + wmiwyS) >

1 1
2[ 2.2 2,2 2,2 2,2 4, 22 2
=0y [aa Wi + E(wayd + ogwys) + wand] + an + 0307 (WrsWyg + Wrgys ).

(A.7)
Collecting terms by powers of 0y, we can rewrite (A.7) as
D(oy;p) = A aj + B0, +Cq, (A.8)
where the constants A, B, and Cy are
1
A= cwi, + E(Ugwﬁd + Ugwés) + Ugwid, (A.9)
1
B:= E’ Co := agag(wmwyd + wndwys)z. (A.10)
Substituting back into (A.5), we can factor O'yz from the numerator and obtain
C a0 0 (~Wnattns + 45 ) A1
(oy:p) = AcZ+Boi+Cy (A1)
Limits. As 0, — 0, both numerator and denominator vanish at order (75, implying
li ;0) = 0. A.12
Uylr_>n0 C(oy;0) =0 (A.12)
As oy — 00, the denominator grows as B(T;L while the numerator grows as o2, giving
lim C(oy;p0) = 0. (A.13)

Uy%oo
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Sign and shape. The sign of C follows from the numerator in (A.11):

sgn(C) = sgn(—p WyrgwWrs + Wyqtys) - (A.14)
Define the critical ratio
* wydwys
= 2 A.15
P WrdWirs ( )

Then:

e If p < p*, the numerator of (A.11) is positive, so C > 0. Since C(0y; p) behaves as a
rational function with quadratic numerator and quartic denominator, it first increases
and then decreases in 0y,.

e If p > p*, the numerator is negative, so C < 0, and C(U'y ; p) first decreases and then
increases (a mirrored shape).

Together with (A.12)-(A.13), this proves that

im C= lim C=0,

(7}/4)0 0y—00
and establishes the shape and sign properties stated in Part L. O
Proof of Part II. Throughout this part, fix the weights

W 1= {Wrg, Wrs, Wya, Wys} > 0

For notational clarity, introduce the positive aggregates

oD 2 2.2 2.2
I';:= @ = 0y +ogw, + ogwys > 0, (A.16)
r ._B_D_ 202 4+ 02 4+ o2w?, > 0 (A.17)
y ) > — Ya%Wnrs 7T d“nd Y .
Ty
K= wrswyg + WrgWys. (A.18)

(i) C increases in 0 for fixed 0y,. Differentiate (A.6) w.r.t. 02:

dC 00 Wy Wys D—-NTIx

507 = 5 (A.19)
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Using D = 02T, + aj(ggwis + 02w ) + o502K* and N = aa(fd(—aiwndwm + ORWy4Wys),

J/

—R>0
we obtain

aC
numerator (F) = 0,04 [wydwys (D — (77211}) + ijndwns Fn}

7T

— 0,0, [wydwys R + 020 g0 rn} . (A.20)

By construction R; > 0and I'; > 0. Since both WygWys and w,;wys are positive; hence the
bracket in (A.20) is > 0 and is strictly > 0 unless the weight products are degenerate. We
conclude

ac
902

7T

> 0 (A.21)

Thus C is increasing in o for fixed 0. Same argument can be applied to prove that C is
increasing in oy, for fixed 0. O

A.3 Corollary 1

Proof. Recall the following from Proposition 2:

Us04 (_0'_13 WrdWrs + ‘772r wyd“’ys)

€ = D(ey, o) '

(A.22)

2.2 2 2( 2, 2 2 2 2 2(.2. 2 2 2
D(oy,07) = 050,w7s + 07 ((Ty + 0gwy + 05 wys> + 075 (@a)nd + 05 (WrsWyg + Wratys) ) :
(A.23)

Case 1 (when C > 0). Consider the joint limit 0, — 0 and 0 — co. From (A.22)-(A.23),

2 2 2
Num(oy, 07) = 0504 (—O'y WrdWrs + 05 wydwys> ~ 0507 O WyaWys, (A.24)
_2( 2, 2 2 2.2 2.2 2 2( 2 2 22 o
Den(oy,07) = 07 ((Ty + 0gwy + 03 wys) + 050y wWrs + 0y (aywnd + 0K ), K := wrswyg + WrgWys.
ordz; o2 bounded as Tp—r00
(A.25)
Letting first o, — 0 and then 0 — oo,
Denominator(cy, o) ~ o2 (Ufcuﬁd + U§w§s> . (A.26)
Hence
. 0504 WyqWys
lim  C(0y,00) = 55—~ =: Cax- (A.27)
0y—0, ox—00 wayd + 0% wWys

49



This proves the first assertion and the closed form for Cpax.
Case 2 (when C < 0). Consider the joint limit 0;; — 0 and 0, — co. From (A.22)-(A.23),

Numerator(cy, o) = 050y (—cryz WrgWis + 02 wydwys) ~ — 004 O’yz Weiwrs, (A.28)

Denominator(cy, 07) = Uj (Uzwis + ‘wami> + ox ((7 + wayd + 0% wys> + 202K,

J

-~

order oy bounded as 0, —00

(A.29)

Thus

) Os0yg wndwns
or—0, oy—00 d d + osw

This proves the second assertion and the closed form for Cpip.

Special case (0s = 0 and all w’s equal to 1). Setos; = 0y =: 0 and wyy = Wrs = Wy =
CUyS — 1. Then

o 1 o2 1

_— = S — A.31
0_2+0_2 2/ lel’l 0_2+0_2 2/ ( 3 )

Cmax -

80 Cmax = —Cpin = 1/2.
Moreover, in the y-dominant limit (¢, — 0, 07 — 0), the limiting projection matrix is

2,2

P _ 1 OqWyd Ts04WydWys 3

T 0202, + 02w2, \ 050wy qw w? ' (A32)
d“"yd s%ys sUVdWydWys ys

With 05 = 0; = 0 and all w = 1, this gives

p_ 1 o2 o\
Y202 \0? o?)
Analogously, in the 7-dominant limit (0;; — 0, 0, — o0), the limiting projection matrix is

2. .2
Pn _ 1 < wami - (TS(TdCUﬂd(Uns> , (A34)

2,2 2,2
oW+ 02w \ — 05040 rgWis otw

NI— N~
NI~ N[~

) : (A.33)

sowitho; =cjand all w =1,

(A.35)

w
|
I
/N
| Nl—
Nl
ot
N—
~_—
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A4 Lemmal
Proof. Let the projection matrix be

pn C
P = A.36
( C Pzz) (A.36)

Symmetry and positive semidefiniteness; eigenvalue bounds. Let the latent shocks be
standardized so that
s=(d,a) ~N(0,I),

and let the vector of observed signals be

x=Ws+eg, e~ N(0,Q), O = 0.

The linear-Gaussian projection of shocks on signals implies that the coefficient matrix
mapping true shocks into average beliefs is

P=W(WW +Q) tw.
To show the eigenvalue bounds, whiten the signal noise. Let B = Q~!/2W. Then
P = B'(I+ BB')"!B.

Using the identity
B'(I4+BB)'=(I+B'B)"'B,

we can write
P = (I+ B'B)"'B'B.

Let
M = B'B.

Then M > 0, and
P=(I+M) " M=1-(T+M)L

Therefore P is symmetric and positive semi-definite. Moreover, [ — P = (I + M)~! = 0, so
0=P=X1

Hence all eigenvalues of P lie in the unit interval:
0< A <1

Equivalently, if y; > 0 are the eigenvalues of M, then

pu— —]/ll‘ .
L+ pi

i

Thus 0 < A; < 1 when signal noise is strictly positive, with A; = 1 obtained only as a
limiting case of perfectly precise information.
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Spectral decomposition and the -y structure. Let {(A1,v1), (A2, v2)} be the eigensystem
of P, with0 < Ay < Ay <1and {vy,v,} orthonormal. Then

! /
P = A0107 + A005.

Write
v = (q,1), 7+t =1

An orthonormal vector perpendicular to v; can be written as
vy = (—1,9).

Define
x=q, z =71 U =qr.

010'1:(; Z)’ vzv’zz(_zy _x?‘)

Therefore the off-diagonal entry of P, which we call confusion, is

Then

C = [Mo1v) + A0pvp) 1, = Mpt — Agp = (A — Ag) .

Thus confusion is the product of two objects: the eigenvalue gap A1 — Ay, which measures
how strongly beliefs load on the more informative direction, and the eigen-confusion term
i, which measures how much that informative direction mixes demand and supply.

:ﬁ\zlk:qw

Eigen-confusion y is constant for fixed noise ratio. Fix the relative noise ratio p =
Scale both signal-noise variances by a common factor t > 0, so that

Q(t;0) =t o(p).

Using the whitened-noise representation from above, the projection matrix can be written as

P(t;0) = B(t)'B(t) (I+ B(t)'B(t)) ",

where
B(t) = Q(t;0) " V2W = 7120 (p) " V/?W.
Hence
B('B() = [Molp),  Malp) = W'(p) W,
Therefore

-1
P(tip) = 1Molp) (1 ;Mo(p)) = Male) (Male) +11) "

Thus P(¢; p) is a matrix function of the fixed symmetric matrix My(p). It follows that P(¢; p)
has the same eigenvectors for all t > 0. Only the eigenvalues change with t. If v; are the
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eigenvalues of My(p), then
‘l/.
Ai(t) = ——.

i(#) vi+t
Therefore, for fixed w, shock process, and noise ratio p, the eigen-confusion term y is constant
in the common noise scale t. Common increases in signal noise shrink the eigenvalues, but
do not rotate the eigenvectors.

]

A.5 Proposition 3

Proof. Lets = (B,a)’. Since first-order average beliefs are linear, E's = Ps, higher-order
beliefs are obtained by iterating the same projection: E"s = P's.
By Proposition 1, P is symmetric positive semidefinite, with

P= Alvlvﬁ + )LzZ)zZ)’Z, 0< A <A <L

Hence
P" = Moo + Aboyoh,

Taking the off-diagonal entry gives
Ch = (P12 = (Af = AJ)p.

In the nondegenerate case 0 < Ay < A; < 1, define f(h) = A — AL Then £(0) = 0,
limy, o f(h) =0, and
F'(h) = Al'log Ay — Ablog As.

Since logA; < 0, f'(h) > 0 for small h and f'(h) < 0 for large /. The unique maximizer is

I log(log Ay / log A1)
a log()\l //\2) '

Thus f(h), and therefore |Cy,| = |u|f(h), first rises and then falls with the order of beliefs.
In the one-signal limits, A — 1. If output is perfectly precise, then

Cp — P‘y(l - /\g)r lim Chn = Cmax-
h—o0
If inflation is perfectly precise, then

Cp — pr(1—AD), lim Cj, = Ciin.

h—o0

A.6 Proposition 4

The following lemma shows that both the covariance matrix P and the one-step projection
KH share the same eigenvectors as the information matrix.
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Lemma A.1 (Commutation of the Kalman projection). Let
M:=H'R'H.

Under F = ply and Q = 021, the steady-state prior covariance ¥ and the one-step projection
G := KH share the eigenvectors of M. That is, if

MZU(ml O)UT/
0 nmo

then

zzu(Pl O)UT, G:u("‘l O)UT,
0 p2 0 (44

where p; > 0 solves

mip? + [(1—p*) — ogm;|p; — o5 =0,

and pi;
e
= € 0,1
Proof. Rotate states by U, so that
(1 0
M= ( 0 m2> '

Since F = plp and Q = 021, this rotation leaves the state dynamics unchanged. Let &
denote the steady-state prior covariance. The Riccati equation is

L =0 |Z-ZH"(HZH' +R)'HE| + b,
By the Woodbury identity,
>Y—YH'(HEH' +R) 'HE =X '+ H'R'H) =1+ ML
Therefore, in the rotated basis,
Y =t M)+ 02D

Because M is diagonal, this equation preserves diagonality. By uniqueness of the stabilizing

solution,
0
> = (P .
(0 P2>

2 Pi
P p1‘|‘Pimi

The i-th diagonal entry satisfies

2
+ Uu;
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which is equivalent to

m;p? + [(1— p?) — oam;| p; — o2 = 0.

Finally,
G=KH=XH'(HZH™ +R)"'H.

Using the same algebra,
G=xM(I+xM) L

Since ¥ and M are diagonal in the same basis,

p1mq 0
_ | 1+pim
G= g patip
1+ pomy

Thus, after transforming back by U,

G:Ll<“1 O)UT, 0 — pimi
0 ap 1+ pim;

This proves that M, £, and G = KH share the same eigenvectors. O
Now we can prove the proposition:

Proof. Let m; := Es; and define G := KH. Averaging over idiosyncratic signal noise, the
steady-state Kalman filter gives

my = (I - G)Fmt_1 + GSt.

Since F = ply,
my = p([ — G)mt_l + GSf.

By Lemma A.1, G is symmetric. Write
(D C
o= (% 5)

_(1-D; -C
I—G_(_C 1_DS).

Substituting m; = (EB¢, Ea;) " and s; = (B, a¢) " gives

Then

EBt = p(1 — Dg)EB;—1 + DyPs + C(as — pEa; 1),

and ) _ _
Ea; = p(1 — Ds)Ea; 1 + Dsar + C(Bt — pEBt—1).
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A.7 Corollary 3
Proof. The Kalman filter satisfies

my = p([ — G)mt_l + GSt.

() k()

First suppose the inflation signal is uninformative. In the symmetric case, the only
informative direction is e;. Hence

Define

G = ajese,, a1 € (0,1).
Projecting the belief law onto e and e_ gives
elomp = p(1—ar)eym_q +arel sy,

and
e _my = pe_my;_q.
Thus the unobserved difference component is only a transient. With zero initial belief in
that direction, or in the stationary limit, e/ m; = 0. Therefore
X1
1—p(1—a1)L

e my = e, st.

Since €/, sy = (Bt + at)/ V2 and m; = (e!_my¢)e, we obtain

1 X1

Eﬁt:Eﬂt: El_p(l_al)L(IBt—Fﬂt).

Now suppose the output signal is uninformative. The only informative directionis e_,
SO
G= 0(16_6/_, N € (0,1).

Projecting onto e_ and e gives
/ / /
e_mp = p(1—waq)emy_1 4+ aje_sy,

and
/ /
el my = pe my_q.

Again, the unobserved sum component is only a transient. With zero initial belief in that
direction, or in the stationary limit,

a1 '
€_St.

P
== 1—p(1—ag)L ~
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Since ¢’ s; = (B — a;)/+/2 and m; = (e’_m;)e_, it follows that

1 01
21— p(1—a1)L (B —ar).

E,Bt = —E_'Elt =

A.8 Proposition 5

Proof. Step 0. Notation and belief operator. Let s; := (B, a;) ' collect demand and supply
shocks. Write the linear “belief” (average projection) as

_ D; C
E[St] = PSt, P = (Cd Ds) 7

so that, under a unit demand shock (8 = 1,a = 0), E[B] = Dy, E[a] = C; under a unit supply
shock (8 =0,a =1), E[f] = C, E[a] = D;
We seek responses 71y = 7t; Bt + 7ts at, Y = §4 Pt + Js at, period by period.

Step 1. Supply (pricing) equation under each unit shock. The pricing rule is
t = E(Tft + wyyt) - ¢a(17 Ea; + Elt>.
(i) Demand shock: with (B,a) = (1,0),

g = Dg(7tg + Py¥a) + C(7Ts + ¢y ¥s) — ¢a(y Ea +0),
=C

which rearranges to
(1—=Dg)7ta = PyDafa+ C(7ts + y¥s) — 71paC. (A.37)

(ii) Supply shock: with (B,a) = (0,1),

fts = C(7ta + Py¥a) + Ds(7s + Pyiis) — Pa(y \Ef,‘H)r
—D,

i.e.

(1= Ds)7ts = ¢yDsiis + C(7tq + Pyfa) — 1¥aDs — o (A.38)

Step 2. IS/Euler equation and output responses. With a (contemporaneous) Taylor rule
it = ¢y, the Euler equation vy = yy11 — (lf(it — 7441) + Bt implies a standard linear solution

_ ¢ ¢
= —— 7T —|—P’ F = , A.39
Ya S a+ b sy (A.39)

o= -a+rn E=(4mie, !t A40
Ys 0_7Ts+ S/ s ( +7 )le o — Ps ( )
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where py, ps are the AR(1) persistence parameters of (B¢, 4;) and the constants Fy, Fs collect
the direct intertemporal (forward-looking) effects of the shocks when households know the
shocks and the fact that firms will know the shocks as well in the next period. O

A.9 Theorem 1
Proof. Let

st

(2 5) (R

yd:_gﬁ—d'FFd/ gs:_gﬁfs‘FPs

«:1

Substitute

into the first pricing equation. Multiplying by 1 — D, gives

(1 — Dd)ﬁd = lpde <—§7~Td + Fd) + Crtg + %C (—gﬁs + FS) — mpaC.

Collecting terms,
(1= 06Dg)7tg — 6C7ts = ¢y (DgFg + CFs) — 111paC = U,

where
s—1-
o
Similarly, the second pricing equation gives

—0C7ty + (1 — 6Ds)7ts = ¢y (CFs + DsFs) — s Ds — ¢, = Us.
Therefore,
(I-6P)T =1,

and hence
7t = (I-6P)"1U.

Now suppose || < 1. Since the eigenvalues of P satisfy 0 < A < 1, the inverse exists

and
(I—6P) 1 =1+ 6P(I—06P) .

Using the spectral decomposition

P= /\1'01?)? + )LzZ)zZ);,

we have sA
OP(I1—6P) ! = Ay010] + A0y, , Ak = K
1—0A;

vlvlT:(; Z), Uzva:<_Zy _xy>
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Then

_ -1 _ ;\1x + }LzZ (;\1 — ;\2)‘1/[

Thus
& =U+P(1-6P)"'U,

Ax + Ax2)U ~ ~ U,
ﬁ:(ud)+ (hix+ A2)Us + (A=Al 7).
Us ()\12 + )L2x)lls U,
H/_/ (. ~ / . ~
PE GE: own-shock GE: confusion

which implies

This proves the result. O

A.10 Sign of Confusion

There are confusion inside both PE and GE inflation responses. The following corollary
characterizes when PE and GE confusion amplify inflation responses.

Corollary A.1 (Sign of PE and GE Confusion Effects). Suppose U; > 0, Us < 0, and § > 0. Let

¢
b= -1

(1) Supply shocks. For a positive supply shock, PE confusion and GE confusion move in the
same direction. If C < 0, both amplify the disinflationary response. If C > 0, both dampen the
disinflationary response.

(i) Demand shocks. For a positive demand shock, the GE confusion effect is unambiguous: it
amplifies the inflation response when C < 0 and dampens it when C > 0. The PE confusion effect
depends on supply-shock persistence. If p, < pa, PE confusion moves in the same direction as GE
confusion. If p; > pa, PE confusion offsets GE confusion.

Proof. Let
I:.= (;\1 - 7\2)‘11
Since 6 > 0, the map
A= 5—/\
1—-0A

is increasing on the relevant range. Hence

sign(T') = sign ((A1 — A2)p) = sign(C),

where C = (A1 — Ap) .
From Theorem 1, the GE confusion terms are

I'Us; for demand shocks, I'tl; for supply shocks.
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Since U; > 0 and U; < 0, the GE confusion effect has sign C for supply shocks and sign
—C for demand shocks. Thus, for supply shocks, C < 0 makes the GE term negative and
amplifies disinflation, while C > 0 makes it positive and dampens disinflation. For demand
shocks, C < 0 makes the GE term positive and amplifies inflation, while C > 0 makes it
negative and dampens inflation.

It remains to characterize the PE confusion terms. From the definition of U,

Uy = pyDyFy + C(¢yFs — 1),

so the PE confusion term for a demand shock is

C(‘PyPs — Ya).
Similarly,
Us = llijst - 771/}11Ds —Pg+ CleFdz

so the PE confusion term for a supply shock is

Cypy s

Because ¢, > 0 and F; > 0, the supply-shock PE confusion term has sign C. Hence PE and
GE confusion move in the same direction for supply shocks: C < 0 amplifies disinflation,
while C > 0 dampens it.

For demand shocks, use

Yo ¢—1
.Fs: 1 _a .
( +17)%p¢_pa
Then
P — e = o |1+ ot "L
yLs a a a(P_Pa .

Since ¥, > 0 and ¢ — p, > 0, the sign is determined by

(1+17)pa(d = 1) = 5(¢ — pa) = pa((1+1)p — 1) — 1¢.

Therefore
< 0/ Pa < par

lpyFs — NP =0, Pa = Pa, Pa = #

> O/ Pa > pa/

Thus, when p, < p,, the PE demand-confusion term has sign —C, the same sign as the GE
demand-confusion term. When p, > p,, it has sign C, and therefore offsets the GE confusion
effect. This proves the corollary. O

The corollary highlights that for supply shocks, confusion has a sharp sign. When C < 0,
both the PE confusion term and the GE confusion term push inflation downward. For
demand shocks, the GE confusion effect is also sharply signed because it solely depends
on Us. Under Us < 0, negative confusion C < 0 makes the GE confusion term raise
inflation. The PE confusion effect, however, depends on whether the mistaken supply-shock

60



Figure A.1: Effect of Confusion on Output and Inflation with Endogenous Information

Demand-Shock Output 550 Demand-Shock Inflation
1.8 Cc<0 C>0  mmm—m——"" ! Cc<0 C>0 — Endogenous info
164 T 2.25 = = Exogenous info
141 2.00
1.751
1.2
= 10 = 1.50
1.25
0.8
1.00
0.6
End inf 0.75
| — ndogenous info
0.4 = = Exogenous info 0.50
On
Supply-Shock Output
\\ C<0 c>0 ™ Endogenous info
1.4 N = = Exogenous info —0.2
_0'4,
1.2
-0.6
1.0 £ _0.8
-1.0
0.8
—1.2
0.6 7’ = Endogenous info
-144 7 — = Exogenous info
000 025 050 075 100 1.25 150 1.75 2.00 000 025 050 075 100 1.25 150 1.75 2.00
On On

Notes: The figure plots inflation and output responses to demand and supply shocks as the noise in the inflation signal, 05, varies. Solid
lines are responses under endogenous information, where signal loadings are consistent with equilibrium responses. Dashed lines are
responses under exogenous information, where signal loadings are fixed.

interpretation raises or lowers expected real marginal cost. If the supply shock is less
persistent, the productivity component dominates and PE confusion raises inflation under
C < 0. If the supply shock is more persistent, the real-wage component dominates and PE
confusion lowers inflation under C < 0.

A.11 Propositions in Section 3.2

We ftirst consider the case where there is only demand shock and firms only receive
signals about inflation. The equations are:

yr = —(¢/0) ¢ + FaBt (A.41)
mp = E(m + Yyyi) (A.42)

The following proposition shows the equilibrium multiplicity in this setup.

Proposition A.1 (Demand Only with an Inflation Signal). Suppose firms observe only

2
Xt = T0¢ + Ent, Var(eqt) = 05,
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and let Var(B;) = 0% > 0. In any linear RE equilibrium 11y = 7t4B4, the inflation response satisfies

I3 402
e do, g J1o 2% |
2¢ ooy F
The two nonzero equilibria exist iff
2 3oy
o < S—4,
49

If this condition fails, the unique equilibrium is 7t; = 0.

Proof. Let iy = TPy, b = ¢/0,and v = ¢, /0. Then

7+ Pyyr = [(1— )T + ¢y Fy) B
With only the inflation signal, the posterior gain on B; is
o2T?
W(T) = 5
o5T*+ 0%
The pricing equation is therefore

T = w(T)[(1 = 1)T + g,F].

After clearing denominators,
T (40312 — ,Fuo3T +0%) = 0.

Thus T = 0, or T solves the stated quadratic. The discriminant condition gives the existence
threshold for the two nonzero roots. O

Proposition A.2 (Demand Only with Inflation and Output Signals). With two signals, in the
demand-shock only model, any linear RE equilibrium T = 7t; satisfies

2
(0

o3 T? — ¢y Fao3T> + 05T = U—glpyag(Fd —bT)3, (A.43)
Y

As 0y — oo, this equation converges to the one-signal cubic.
Define
2 2
52 . %%

If o2 > 02, the equilibrium is unique for any oy. If 02 < 02, the equilibrium is unique whenever

2 2 =2

2 Qb 20n+30n
= \y) e g2
(0 Oz — 0%z
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Proof. Let t; = TB;. Then

yi = (E;=bT)Bt,  mm+yye = [(1—9)T + ¢yFy B

The two-signal posterior gain on B; is

_q(T) _T*  (F—DbT)?
K(T) = 0’;2 +q(T)’ 9(T) = o2 ayz '

The pricing equation
T = K(T)[(1 = 7)T + gy
is equivalent to (A.43). It remains to derive the uniqueness condition. Write

2
%
H(T) = y03T° — py Fyog T + 05T — U—gv,byaﬁ(Fd —bT)%.

y
Then
H'(T) = 04 + 05 |3bT* — 2E,T + 3g—§b(Fd —bT)?|.
Let 12,2
m:= 02".
y

The quadratic term inside brackets can be written as

3mF3
3b(1 4 m)T? — 2F;(1 4 3m)T + ; d
Its minimum is attained at
T — Fd(l + 3711)
3b(1+m) "
Evaluating at T* gives
- 2 On 2 d_om
—2FT+3—=b(F;—bT)"| = *7—.
min 3bT* — 2F; +30§ (F4 ) b 301+ m)
Therefore ) )
o0y F73m —1
: / T — 2 d Yid .
min H(T) = oz + = = T
Define

2 2
52 . Ta%%Fs

7T 3(P
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Thus H'(T) > 0 for all T whenever

3m—1
2 52
0 (o >
7T + 7T 1 + m —
If 02 > 72, this holds for any m > 0, hence for any 0. If 02 < 73, the condition is equivalent
to

=2 2

07 — O
m>

04 + 30%

Since m = b%02/ O'yz, this becomes

2 )

2 2 207 +307

Oy SV 0
O — 0x

Under this condition H is increasing, so the equilibrium equation H(T) = 0 has a unique
solution.
O

Now, consider the pricing system

ftg = (1 - Dd)_1<¢dey~d + C(7s + ¢ys) — 77%(:)/
fts = (1— DS)_1<¢sty~s + C(7ta + $yJa) — 1aDs — lPﬂ)f

where j; = —(¢/0) 74+ Fyand §s = —(¢/0)7ts + Fs.

Proposition A.3 (Two-Shock One-Signal Equilibrium.). Suppose firms observe only the inflation
signal
Xrt = T + Ent-

Then there is an equilibrium in which
7tg =0, C=0,

and the supply-shock response solves the scalar fixed point

fts = (1 — Ds) "' (yDsiis — 1aDs — ¢a), s = —(¢/0)7ts + F.

If the demand-only inflation-signal fixed point admits a nonzero demand response, then there is also
an equilibrium with
7ty # 0.

In that equilibrium the inflation signal loads on both shocks, so firms confuse demand and supply
shocks and generically
C #0.

Proof. Set 7t; = 0. Then the inflation signal is driven only by the supply shock:
Xrt = ﬁsﬁst + €t
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Since the demand shock is orthogonal to the signal, the posterior loading on the demand
shock is zero. Therefore
D; =0, C=0.

The demand pricing equation then gives 77; = 0 immediately. The remaining supply
equation is one-dimensional and gives the stated scalar fixed point.

In this equilibrium, the inflation signal contains no information about the demand shock.
Hence firms attribute inflation movements entirely to the supply shock, and the pricing
system collapses to the demand-only, inflation-signal case for the demand block.

If instead the demand-only inflation-signal problem has a nonzero solution 7t; # 0, then
the same inflation signal loads on both shocks:

Xt = ﬁd,Bdt + ﬁs,Bst + €nt.

The posterior projection is no longer block diagonal. Thus the off-diagonal confusion term
is generically nonzero, C # 0, giving a distinct equilibrium with confusion. O

Figure A.1 illustrates how endogenous information shapes the inflation and output
responses. The inflation response to a demand shock is markedly larger than under
exogenous signal weights. The mechanism is self-reinforcing. Starting from the exogenous-
information equilibrium, demand shocks already generate a sizable inflation response.
Endogenizing information therefore increases the demand loading in the inflation signal,
as implied by equation (2). This makes demand shocks easier to identify from inflation,
induces firms to adjust prices more strongly, and further amplifies the inflation response.

This stark amplification is partly specific to the simple model, where demand shocks
generate large inflation movements. In the quantitative model with nominal rigidities,
demand-driven inflation responses are more muted. Nevertheless, the underlying mecha-
nism is general: endogenous information makes agents learn more from shocks that move
observable aggregates more strongly. If inflation is primarily supply-driven, as under a flat
Phillips curve, then inflation becomes a better signal of supply shocks and confusion about
supply is limited. Output, by contrast, is typically driven by both demand and supply, so
output-based learning can generate sizable confusion in both directions.

B Additional Details on Calibration and Estimation

B.1 Deriving the wage equation and flexible-price target

This section derives the habit-adjusted wage equation and the corresponding flexible-
price target used in the quantitative model. Households have external habit in consumption.
Log-linearizing the household labor-supply condition gives

1 A
Wikt — Pit = 0 <1 — Accit ] _CA Ci,t—l) + Mgt (B.1)

(e

Let




The labor union aggregates differentiated labor services according to

1
th = ( leiw dl> ,

which implies the demand curve for household i’s labor:

Mkt = Nkt — €w( Wikt — Wit)-
Substituting this demand curve into (B.1) gives
(1 + new)wike = pit + OCl + 1ge + M€ Wiy
Aggregating across households within union k, and using the log-linear wage index, yields
Wyt = piy + 0 + g,

where pH and C~Zt denote union-level averages. Aggregating once more across unions gives
the aggregate wage equation

o
P =TT (ct = AcCe—1) + nny. (B.2)

Using goods-market clearing c; = y; and aggregate labor demand,

1
1— [X(}/t - ﬂt),

ny =

equation (B.2) implies

o
Wi = pt+ 1—A, (ye — Acyr-1) + %(yt — a).

The firm’s flexible-price target is

Pft =Ej; {fP (Pt + g!/t) +(1- qv)w] L

Substituting the wage equation into this expression and collecting terms gives

Pft = Ej [Pt + lP;yt —PAYi-1 — WQbaat} — Yadjt, (B.3)
where
@ B o n _ oAc _1-9¢
b=t 9")(1—AC+1—0¢)’ =i =iy,
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Finally, under Calvo pricing, the standard log-linear reset-price equation is

zjp = Ejyty 4 (1 — pO) <P{t - Pt) + POEizj 1.

Combining this expression with (B.3) gives equation (18) in the main text.

B.2 Computational details

Relative to the baseline implementation of the analytic policy-function iteration method,
our solver introduces three numerical refinements that improve speed and robustness while
leaving the model and equilibrium concept unchanged.

First, the baseline algorithm updates the policy function through damped fixed-point
iteration. While simple and robust, this procedure can be slow and may exhibit oscillatory
behavior when the fixed-point mapping is only weakly contractive. We therefore augment
the iteration with a safeguarded acceleration step that uses information from several recent
iterates to construct an improved candidate update. To preserve numerical stability, this
candidate is accepted only when it improves the convergence diagnostics relative to the
baseline damped update. This refinement reduces the number of iterations required for
convergence in many cases and makes the solution procedure more reliable in difficult
regions of the parameter space.

Second, in incomplete-information models, a substantial share of the computational
burden arises from repeatedly constructing conditional laws of motion and forecasting
objects across multiple expectation equations. In the baseline implementation, these objects
may be recomputed many times within the same iteration even when the underlying
information set is unchanged. Our implementation stores such intermediate objects once
per iteration and reuses them whenever the same inputs reappear. This avoids repeated
estimation of identical auxiliary forecasting objects and therefore substantially reduces the
cost of each iteration.

Third, the evaluation of conditional expectations contains a component that depends
only on the agents’ information structure and a component that depends on the particular
variable being forecast. The baseline implementation largely recomputes both parts across
forecasting equations. We instead separate these components, compute the common
signal-extraction objects once, and reuse them across all expectations formed under the
same information set. We also precompute fixed objects associated with the polynomial
approximation outside the innermost loop. These changes reduce repeated transform
and linear-algebra operations and are especially important in models with endogenous
information, where expectations must be recomputed many times during solution.

Table B.1 shows that, under a common fixed-step configuration with dft = 512, crit =
1076, nit = {10,10000,0}, step = 0.25, and arma = {6,6,false}, these refinements reduce
computation time by a factor of between 1.9 and 6.7 across standard examples, with a
geometric-mean speedup of 2.6.
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Table B.1: Computation time: baseline versus improved implementation

Example Baseline (sec.) Our Algorithm (sec.) Speedup
Ex2a_dsge_mp 6.54 3.42 191
Ex2b_dsge_fp 45.35 6.80 6.67
Ex3a_hank sym 76.19 40.04 1.90
Exbb_noisy_price 292 1.54 1.90

Notes: Entries report mean solution times over three runs. All runs converged. Both implementations
use the same configuration: dft = 512, crit = 1076, nit = {10,10000,0}, step = 0.25, and
arma = {6,6,false}. The improved implementation additionally uses safeguarded acceleration with
parameters {4,5,107'0,1.25}. The baseline implementation does not support this acceleration step.

B.3 Autocovariances of data and model

Table B.2: Pre-1990 Covariance and Autocovariance Moment Fit

Data Model
ye 1 Ewyr Eym yt 1 Ewyr Eym

Lag 0

Yt 893 -438 386 -2.12 893 -346 4.24 -3.07
my  -438 557 -2.61 351 -346 511 -3.07 4.00
Eyy: 3.86 -2.61 290 -1.54 424 -3.07 290 -2.70
Eymy -212 351 -1.54 339 -3.07 4.00 -2.70 3.39
Lag1

Yt 782 -463 299 -1.80 742 -320 3.54 -2.72
iy -3.65 533 -229 316 -275 449 -255 342
Eyy: 412 -282 245 -136 428 -3.15 274 -2.61
Eymty <210 375 -1.48 320 -2.83 4.01 -246 3.20
Lag 2

Yt 577 -441 217 -140 586 -2.79 287 -2.30
my  -2.65 485 -1.85 279 -2.08 3.77 -2.05 2.82
Eyy: 3.80 -2.82 192 -112 3.86 -290 2.39 -2.31
Eymry -2.01 3.84 -146 299 -229 3.64 -2.07 2.78
Lag 3

Yt 3.15 -3.83 136 -097 453 -2.34 228 -1.89
e -1.48 419 -1.25 238 -1.53 3.08 -1.62 227
Eyyy 285 -2.62 136 -0.83 324 -249 199 -1.94
Eymy <179 379 -144 278 -1.70 3.08 -1.66 2.29

Notes: Entries at lag h are cov(x, x;_j,). Rows index the current variable x; and columns index the lagged
variable x;_j,.
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Table B.3: Post-1990 Covariance and Autocovariance Moment Fit

Data Model
Yt Tt Etyt E;m Yt Tt Etyt E;m

Lag 0

Yt 193 -0.24 054 -039 193 -0.24 0.69 -0.15
o -024 037 0.06 017 -024 037 -0.15 0.17
Eyys 054 0.06 056 -0.14 0.69 -0.15 0.34 -0.10
Eymy -039 017 -0.14 027 -0.15 0.17 -0.10 0.10
Lag1

Yt 1.59 -0.31 0.29 -038 1.62 -0.22 0.57 -0.13
m  -0.05 031 011 0.12 -0.18 034 -0.12 0.15
Eyy: 073 -0.00 043 -019 0.74 -0.16 0.33 -0.10
Eymy -031 019 -0.09 024 -0.14 0.18 -0.09 0.10
Lag 2

Yt 1.07 -0.34 0.12 -0.32 131 -0.21 0.46 -0.12
Tt 0.08 024 0.13 0.07 -0.13 0.30 -0.10 0.13
Eyyy 074 -0.06 028 -0.21 0.72 -0.17 0.30 -0.10
Eymry -0.20 019 -0.06 020 -0.13 0.18 -0.08 0.09
Lag 3

Yt 052 -0.34 -0.02 -0.23 1.04 -0.19 0.37 -0.10
T 0.14 018 0.12 0.02 -0.10 0.27 -0.08 0.12
Eyyy 058 -0.08 0.17 -0.17 0.66 -0.16 0.27 -0.09
Eymy -0.12 0.18 -0.02 0.17 -0.11 0.18 -0.07 0.09

Notes: Entries at lag h are cov(x¢, x;_j). Rows index the current variable x; and columns index the lagged
variable x;_j.
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Figure B.1: Historical Decomposition Before 1990
Supply Demand == = Supply + demand e Data

Actual RGDP growth Actual PGDP inflation

-4

Perceived RGDP growth Perceived PGDP inflation

-2

-3

1992 1996 2000 2004 2008 2012 2016 2020 1992 1996 2000 2004 2008 2012 2016 2020

Notes: Stacked-area plots attribute quarterly fluctuations in real GDP, inflation, and their SPF expectations, after 1990, to the structural
demand (blue) and supply (red) shocks recovered via model inversion. The first row shows the results for real GDP and its forecast,
while the second row shows the results for inflation and its forecast.

B.4 Post-1990 historical decomposition

Figure B.1 reports the historical decomposition for the post-1990 sample. The model
misses expectation dynamics at the beginning of the sample. This is partly mechanical:
the inversion initializes the model with no pre-sample shocks. Early observations may
reflect persistent effects of shocks realized before the sample begins, but these shocks are
not included in the ARMA representation used for the inversion. The recovered in-sample
shocks therefore partly absorb missing initial conditions. For this reason, we interpret the
early-sample decomposition with caution.

The model also misses perceived RGDP growth during 1995-2000. In this period,
perceived RGDP growth is negative while realized RGDP growth is positive. This pattern is
difficult to explain through the information-friction channels.
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